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Abstract 
This research investigates the contribution of the spatial arrangement of hydrophobic 
mineral grains at particles surface towards their flotation response and its implications for 
forecasting flotation response.  The approach taken was to estimate this grain textural 
characteristic from particle sections and to identify how it affected the overall rougher and 
scavenger copper mineral flotation recovery from two industrial copper flotation circuits.  
For the second circuit the overall rougher flotation kinetic parameters for the copper 
mineral were also evaluated. 
The first contribution of this work is the demonstration that a novel textural indicator is 
relevant to understanding the contribution of exposed mineral grain texture on the flotation 
process.  It is the first mineral grain textural indicator that considers both the size of the 
grains and the degree to which they are dispersed at the particle surface.  When the 
indicator was applied to particle sections from flotation feed, concentrate and tail samples 
from two industrial copper flotation circuits, it was shown, for the first time, with confidence 
that while particle size and perimeter composition affect particle flotation response the 
spatial arrangement of the copper mineral grains at the particle surface plays a key role.  
For the iron-oxide-copper-gold ore, copper mineral grains in complex texture classes 
produced statistically higher overall rougher recoveries for the 0-20% perimeter 
composition class.  Chalcopyrite grains in complex texture classes in the copper porphyry 
ore produced higher overall rougher and scavenger recoveries for the 20-40% perimeter 
composition class.  For the 0-20% perimeter composition class statistically meaningful 
differences were observed for the +106 m size class.  It was shown that the higher 
overall recoveries for the complex texture classes in this case were due to increases in the 
overall rougher rate of flotation, the proportions of recoverable chalcopyrite in the feed or 
both.  For both ores the largest proportions of copper mineral within complex perimeter 
texture classes were within coarse particles and complex textures were less common 
when particle perimeters comprised more than 40% of the copper minerals.  This 
demonstrated that in order to study the impact of this textural characteristic for the two 
ores it must be done within well-defined particle size and perimeter composition classes, 
an important outcome that has not been reported in the current literature. 
The second contribution is a three-step method for evaluating the flotation response of 
copper minerals within different grain texture classes namely; particle perimeter texture 
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estimation, determining coefficients of variation in the mass proportions of the target 
mineral within perimeter texture-composition classes and mass reconciliation and recovery 
calculations.  Another key contribution is in applying the bootstrap resampling technique to 
estimate these coefficients.  This demonstrated the sensitivity of seemingly feasible 
perimeter texture-composition classes to the grade of the copper minerals in a sample and 
a notable finding was that the feed size classes for both ores were adequate for 
determining the final perimeter texture-composition classes for assessments. 
A third contribution is the demonstration that an empirical equation incorporating the 
textural complexity of exposed copper mineral grains can be used to more accurately 
predict the flotation response of copper minerals in complex texture classes.  It applies the 
flotation response (overall rougher recovery, overall rougher rate of flotation) versus 
perimeter composition relationships of copper minerals with simple exposed grain textures 
and adjusts the effective perimeter composition for copper minerals with complex exposed 
grain textures. 
The final aspect of this research proposes a novel particle-based flotation simulation 
approach that enables the distribution of particle compositions within streams to be 
predicted.  A final contribution therefore is a demonstration that the existing particle-
surface composition model is not adequate for predicting the rougher and scavenger 
flotation response of chalcopyrite in the copper porphyry ore.  Chalcopyrite showed 
substantial flotation in low grade particles which needed to be incorporated albeit through 
an empirical function per size class.  Using this particle-based approach it is further 
demonstrated that accurately identifying the proportion of each particle composition class 
that is recoverable at the particle level is important.  Although this aspect was previously 
highlighted for laboratory flotation data there is little in the published works that addresses 
this on industrial scale at the particle level, and existing particle-based simulations assume 
that 100% of each composition class is recoverable during flotation.  As with the overall 
rougher flotation rate constant this parameter did not follow a linear trend with perimeter 
composition for chalcopyrite and trends were different for different size classes.  It was 
however important to quantify to enable accurate particle-based simulations. 
This thesis therefore presents new knowledge on the contribution of exposed copper 
mineral grain texture on flotation response, an important feature to consider for further 
research and property-based modelling.  It also presents a novel, particle-based flotation 
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simulation approach which is important for incorporating this new textural feature into 
future simulations and as a platform for linking other processes with flotation at the particle 
level. 
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Statement of Contributions 
The aspects of this work that are new and original contributions to knowledge are: 
 A demonstration that a new index, NDC, is useful for understanding the 
contribution of exposed mineral grain texture complexity towards flotation 
recovery.  The research demonstrated for the first time that although particle size and 
perimeter composition is important when analysing the flotation behaviour of composite 
particles, these two particle features are not sufficient as the only descriptors of particle 
characteristics that impact flotation.  It is shown that the flotation performance of copper 
minerals in complex texture classes is underestimated when texture complexity is not 
accounted for and this has future implications for the assessment of the coarse particle 
recovery potential of ores.  Despite the fact that particles may have similar overall 
perimeter composition values of a hydrophobic mineral the research showed that 
differences in exposed grain textures can lead to the recovery of copper minerals at 
distinctly different rates.  In addition, the overall higher rougher recovery for complex 
texture classes is shown for the first time to be also as a result of a greater proportion 
of recoverable copper mineral. 
 
 Combining key components of the research into an overall method for assessing 
the flotation behaviour of different exposed copper mineral grain texture classes 
on industrial scale.  Of great importance is the confidence that one can place in the 
outcomes of such an assessment and this is to a large extent driven by the particle 
statistics of the various texture classes.  The method incorporates bootstrap resampling 
and illustrated the impact of sample grade on the outcomes of the texture classes and 
helped guide the selection of meaningful texture classes for further assessment.  A 
notable finding was that the feed size classes for both ores were adequate for 
determining the final perimeter texture-composition classes for further assessments.  In 
addition, the analysis of the flotation response of different perimeter texture-
composition classes also showed that: 
- As the overall perimeter composition of the copper minerals increases, so does 
the recovery of copper-bearing particles within similar textural complexity 
classes. 
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- The size behaviour of specific perimeter texture-composition classes is 
consistent with current knowledge of the overall size-recovery behaviour of 
mineral particles. 
- For the ores tested there were no exposed grain textural complexities present 
when the perimeter composition was 40% or higher for the copper-bearing 
minerals. 
 
 Demonstrating that by incorporating textural complexity the estimation of the 
rougher flotation characteristics of composite particles with complex copper 
mineral perimeter grain textures can be done with greater accuracy.  An empirical 
equation was developed and used to aid the prediction of the expected overall rougher 
and rougher + scavenger recovery of composite copper mineral particles within 
complex perimeter textures.  For the IOCG ore meaningful overall rougher recovery 
differences between the texture classes were determined for the +150 m, +75 m and 
+38 m size classes in the 0-20% perimeter composition class and the empirical model 
was used to estimate the higher recovery of the complex texture classes for cases with 
greater accuracy.  The prediction applied the recovery versus perimeter composition 
relationship for the particles within simple texture classes and the empirical equation 
made an adjustment to the effective perimeter composition value for particles within a 
given complex texture class by taking into account the perimeter texture indexes of all 
particles within that class.  This increased the effective perimeter composition for 
complex texture classes and through this a more accurate prediction of the overall 
rougher recovery of composite copper mineral particles within complex mineral grain 
textures was achieved, as opposed to only applying the overall perimeter composition 
approach.  The same analysis was done for the 0-20% and 20-40% perimeter 
composition classes for the copper porphyry ore where the empirical model allowed the 
higher recovery of chalcopyrite in the complex texture classes to be calculated with 
greater accuracy. 
The same form of the empirical model was applied in the case of rougher flotation rate 
constants and the proportions of recoverable chalcopyrite in the above size and 
perimeter composition classes for the copper porphyry ore and again it was shown to 
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allow for a more accurate prediction of the kinetic parameters of the complex texture 
classes in this case.  This outcome has important implications in particular for the 
assessment of the recovery potential of coarse composite particles from an ore.  The 
outcome demonstrates that if exposed grain texture is not taken into account then the 
recovery of coarse composite particles with complex grain texture can be 
underestimated. 
 The application of a novel particle-based flotation simulation approach to 
rougher-scavenger cells that allows the distribution of particle compositions in 
streams to be predicted.  An important contribution made by this novel flotation 
approach is that it was used to demonstrate that existing particle surface composition 
approaches for estimating the flotation response of composite particles should be used 
with caution.  For the copper porphyry ore to which it was applied the overall rougher 
flotation rate constant did not decrease linearly with composition as the particle surface 
composition approach proposes and low grade particles showed substantial flotation.  
The same was true for the pyrite component.  It was also necessary to accurately 
capture the change in the recoverable components for chalcopyrite and pyrite with 
changes in the perimeter composition as this had a marked impact on the accuracy of 
the particle-based simulation outcome.  This also provides a platform for the 
development of future particle-based models by allowing for the inclusion of textural 
features on a particle-by-particle basis, and enables other unit processes such as 
leaching, gravity or magnetic separation to be included in single flowsheet simulation. 
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CHAPTER 1  INTRODUCTION 
 
 
“Science moves with the spirit of an adventure characterised both by youthful arrogance 
and by the belief that the truth, once found, would be simple as well as pretty.” 
- James D. Watson 
American molecular biologist, Nobel Prize in Physiology or Medicine (1962) 
1.1. Introduction 
The first recorded event of where an object was made to float on water (at the air-water 
interface) dates back to the Old Testament, in the Second Book of Kings.  The disciples of 
the prophet Elisha asked him to let them go to the river Jordan so they can begin to build a 
bigger place for them to stay since the existing place was too small.  While cutting down 
trees, one of the disciples lost the head of his axe as it fell into the river.  The disciple was 
concerned since it was a borrowed axe.  Upon pointing out to Elisha the location in the 
river Jordan where the axe head fell, Elisha cut of a piece of wood and threw it into the 
water in the same location, and the axe head floated to the surface and the disciple picked 
it up again. 
The ability of objects to float on the air-water interface is a central part of many daily 
activities, of which some occur naturally while others have to be encouraged.  An example 
of where this occurs in nature is the water strider Gerridae ( Hu, et al., 2003), an insect 
whose weight is supported by the forces generated by the surface tension at the air-water 
interface.  Many industrial processes separate valuable minerals (for example gold, 
platinum group minerals, base metals, coal, diamonds) from waste material by 
concentrating the valuable components at the air-water interface ( Leja, 2004b; Nguyen & 
Schulze, 2004).  This is achieved by pumping a finely dispersed distribution of air bubbles 
through a mixture of water and a suspension of finely ground mineral particles.  The higher 
affinity of the value-bearing particles for the air bubbles than for the water causes them to 
preferentially concentrate at the air-water interface.  Because these particles rise with the 
air bubbles to the surface to concentrate in a foamy layer, this specific industrial process is 
referred to as froth flotation. 
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Minerals exhibiting a higher affinity for air compared to water are described as being 
hydrophobic.  The majority of minerals concentrated through froth flotation are not 
naturally hydrophobic (Ozcan, 1992) and this characteristic is brought about through the 
addition of speciality chemicals designed to induce hydrophobicity on minerals of interest 
only.  It is difficult to know exactly who was responsible for discovering this 
(hydrophobicity) characteristic of surfaces although reference is made (Haymet, 1999) to a 
gentleman with the name of Hermann Boerhave.  Apparently in 1729-1732 Boerhave 
observed and commented on the temperature dependence of the dissolving power of 
water when mixing-in different liquids (beer, wine, vinegar and brine). 
The efficiency of froth flotation is a result of complex interactions between the three 
primary elements of the flotation process namely physical, chemical and mechanical 
factors (Fuerstenau, 1999).  Chemical effects may stem from the use of different flotation 
chemicals, the flotation gas used (Leja & Schulman, 1954; Leja, 1989; Laskowski, 1993; 
Kelebek, et al., 1996; Bradshaw, 1997; Bozkurt, et al., 1999; Comley, et al., 2002; Du 
Plessis, 2003; Moyo, 2005) as well as the galvanic interactions amongst reactive sulfide 
minerals (Imaizumi & Inoue, 1963; Sutherland, 1989; Yelloji & Natarajan, 1989; Yelloji & 
Natarajan, 1990; Trahar, et al., 1994; Ekmekci & Demirel, 1997) and reactive sulfides and 
the grinding media used during milling to produce fine particles (Iwasaki, et al., 1983 Adam 
& Iwasaki, 1984 Forssberg, et al., 1993).  The mechanical factors that impact on froth 
flotation include the design and operation of the individual flotation machines (Arbiter & 
Harris, 1969; Arbiter & Harris, 1976; Newell & Grano, 2007a; Newell & Grano, 2007b; 
Ralston, et al., 2007) as well as the contribution of different flowsheet configurations 
(Alexander, et al., 2000; Alexander & Wigley, 2003; Schwarz & Kilgariff, 2005). 
In the milling process that takes place prior to flotation, ore from the mine (primarily in the 
millimetre size range) is broken (into the micrometre size range) to enable the physical 
separation of the value components from the waste components – this physical separation 
is termed liberation.  This is an important step to ensure adequate selectivity towards the 
recovery of the valuable minerals during flotation.   
Achieving complete liberation of the valuable minerals from the gangue is however not 
economically viable in practice due to the high energy cost required to do so (Ballantyne & 
Powell, 2014; Ballantyne, et al., 2012; Napier-Munn, 2015).  In any industrial flotation 
process then the recovery of composite value-bearing particles is an important contributor 
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to the overall efficiency of the process and a balance needs to be found between how fine 
the particles for flotation need to be ground and how much liberation of the valuable 
mineral is needed to achieve adequate separation (recovery and selectivity). 
The physical factors that impact the flotation recovery of mineral particles relate to their 
appearance and include their size, density, shape and microtextural indicators (textures 
visible with the aid of an electron microscope and at the micrometre scale (Bojcevski, 
2004).  Of the latter, the overall composition of the exposed surface is the most widely 
studied feature and for composite particles the behaviour is frequently approximated by 
considering the behaviour of the mineral constituents of each particle surface, relative to 
their total proportions at the surface (Ralston, et al., 2007; Evans, 2010; Bushell, 2012; 
Ford, et al., 2011).  The others - grain size, phase specific surface area (PSSA), 
intergrowth complexity and locking ratio - although known to affect the flotation process, 
are applied more as diagnostic parameters and have not found their place in property-
based models yet. 
A review of the literature in Chapter 2 revealed evidence suggesting the spatial 
arrangement of exposed hydrophobic mineral grains play a role in the recovery process 
(Hua, et al., 2009; Gautam & Jameson, 2012; Fosu, et al., 2015a; Fosu, et al., 2015b) but 
that the indicators most frequently used to describe the microtexture of minerals within a 
particle or particle population - grain size, phase specific surface area (PSSA), intergrowth 
complexity, locking ratio and surface composition - do not provide a means of quantifying 
this characteristic for exposed grains.  When air bubbles attach to mineral particle surfaces 
the bubbles are pinned to surface irregularities and sharp edges of these particles 
(Gautam & Jameson, 2012; Feng & Nguyen, 2016) and these attachment forces are 
greater than those exhibited by smooth surfaces or round particles.  For composite 
particles then, the edges of the exposed hydrophobic grains may act as features to pin the 
bubbles with the separation distance between multiple exposed hydrophobic grains still to 
be investigated (Gautam & Jameson, 2012).  There is very little in the flotation literature 
that discusses the impact of the arrangement of grains on flotation separation and this 
clearly presents a research area of interest to strengthen the development of future 
property-based flotation modelling approaches and forms the basis for the research 
undertaken in this thesis. 
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1.2. Scope of the thesis and research objectives 
A better understanding of the role of the texture of exposed hydrophobic grains – referring 
to their spatial arrangement – will help build the link between the empirical floatability 
component modelling approach (Runge, 2007; Harris, et al., 2002; Amelunxen & 
Amelunxen, 2009a; Amelunxen & Amelunxen, 2009b; Hay & Rule, 2003; Savassi & 
Dobby, 2005) and property-based flotation modelling (Grano, 2006; Ralston, et al., 2007; 
Evans, 2010; Bushell, 2012; Ford, et al., 2011; Yoon, et al., 2012).  As such the aim of this 
thesis is to determine the impact of particle surface grain textures on flotation performance 
and the implications for forecasting flotation performance.  To achieve the aim of the 
thesis, the research addresses five objectives. 
The first objective is to identify an appropriate indicator for estimating the spatial 
arrangement of exposed grains using MLA particle sections.  A well-established 
technique from the literature is applied to extract perimeter information from particle 
section images and three indicators are evaluated to determine exposed grain textural 
complexity.  The MLA particle sections were measured on a sub-set of particles from 
process streams and taken as being representative of the larger particle population.  It is 
thus essential to understand the degree of uncertainty that is associated with classifying 
particle sections based on perimeter texture.  The second objective of the research 
therefore seeks to determine the magnitude of the errors associated with the mass 
proportion of a target mineral within specific perimeter texture-composition classes 
and how this impacted on the choice of perimeter texture-composition classes to be 
assessed.  This information is also applied to determine the extent to which the proportion 
of particle sections that exhibit disseminated exposed grain textures are affected by 
particle size and the overall perimeter composition, for a specific mineral. 
The third objective of the research is to apply the outcomes of the first and second 
objectives along with established mass reconciliation techniques to determine the impact 
of the exposed grain texture on overall rougher and scavenger flotation at industrial 
scale and the confidence intervals in the mean recovery numbers.  Differences in the 
industrial scale rougher-scavenger recovery for the different texture classes provided 
evidence that the existing surface compositional approach is not sufficient to describe the 
flotation behaviour of composite particles and as a fourth objective the research sought to 
incorporate the index for the spatial arrangement of exposed mineral grains 
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developed through objectives one and two into an empirical equation that will 
enable the overall flotation responses determined through objective three to be 
estimated more accurately. 
In the last part of the research the fifth objective is to investigate a modification to the 
existing flotation modelling approach of fixed component classes to facilitate the 
prediction of particle composition within a rougher-scavenger flotation circuit.  This 
was done to enable circuit simulations to fully utilise particle attributes, i.e density or 
textural indicators such as the one developed in this thesis, in circuit simulations.  To do so 
the simulation approach must be flexible to enable various particle attributes to be used 
within a circuit depending on the unit process.  The scope of this thesis is depicted in 
Figure 1. 
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Figure 1  Scope of the research in this thesis. 
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1.3. Hypotheses tested in this thesis 
To achieve the objectives set out in section 1.2, and fulfil the aim of this thesis, the 
following hypotheses will be tested as they relate to each of the objectives set in Figure 1: 
Hypothesis 1: 
An index can be derived from particle sections to estimate the spatial arrangement of 
exposed grains by considering the number of exposed grains and the total perimeter over 
which the grains are spread and this index is relevant to flotation performance. 
Hypothesis 2: 
Knowledge of the confidence intervals in the mass proportions of a mineral within specific 
perimeter texture-composition classes is important for the assessment of their flotation 
performance and as an aid to identify which classes to assess. 
Hypothesis 3: 
Complex grain perimeter textures within particles produce greater grain perimeter lengths 
for bubble attachment and therefore improved recovery is achieved. 
Hypothesis 4: 
The higher recoveries for complex grain textures may be predicted from the recovery 
versus perimeter composition relationships for simple textures through an empirical model 
that incorporates the new perimeter texture complexity index. 
Hypothesis 5: 
All fully liberated, non-recoverable mineral-bearing particles can be treated as a single 
archetype that will enable attributes for remaining particles to be assigned and tracked 
individually throughout a circuit. 
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1.4. Structure of the thesis. 
The existing technical literature is reviewed in Chapter 2 as it relates to the aim of this 
thesis namely to determine the impact of particle surface grain textures on flotation 
performance and its implications for forecasting flotation performance. 
The review identified limitations in the field of property-based modelling where the 
research undertaken in this thesis aims to improve our understanding of the impact of 
particle surface grain texture on flotation performance.  An important knowledge gap 
identified is in the understanding of the impact of the spatial arrangement of grains on 
flotation separation and how this impacts on the forecasting of the flotation separation of 
composite particles.  This research sought to address this gap by investigating the flotation 
behaviour of copper minerals in different exposed grain texture classes from two industrial 
copper flotation circuits.  Recent attempts (Fosu, et al., 2015a) to determine the effect of 
grain texture on flotation recovery presented findings that showed simple textures 
recovered more readily.  Apart from the fact that the assessments were done for a wide 
size distribution (75-600 m) no reference was made to the errors associated with the 
mass of the target mineral within the different texture classes.  An understanding of the 
error in the measured mass distributions of a mineral to different texture classes and how 
this is influenced by particle size and perimeter composition therefore forms an important 
aspect of this investigation.  With respect to modelling and simulation; the particle-surface 
composition modelling approach is frequently applied in the literature to predict the 
flotation response of composite particles based on quantitative mineral but there is little 
information about the ability of this approach to accurately predict the flotation response of 
different particle composition classes, and therefore the liberation distribution of minerals 
of interest within streams.  A novel particle-based flotation simulation is proposed for circuit 
simulations with the aim of predicting the distribution of particle composition within streams 
and is a key part of this is to investigate the prediction of the flotation response of 
composite particles and to determine the key drivers to enable successful circuit 
simulations. 
Chapter 3 provides details of the samples used to develop the novel exposed grain 
textural indicator as well as information on the two industrial flotation Case Studies that will 
be used to determine whether the exposed mineral grain textures at particle surfaces 
affect the flotation response of these particles.  This chapter is also used to present the 
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details of how confidence in the survey measurements (mass and water flows, size 
distributions and elemental and mineral assays) were established as this is a key 
component prior to undertaking circuit mass balancing.  An explanation of the mass 
balance technique in Microsoft Excel that was used is also given.  In the first Case Study 
an iron-oxide-copper-gold (IOCG) ore is used in which bornite and chalcocite are the 
primary copper-bearing minerals with pyrite as the floating gangue.  The second Case 
Study is for a copper porphyry ore with chalcopyrite as the copper-bearing mineral and 
pyrite as the floating gangue. 
In Chapter 4 an index is developed that estimates the spatial arrangement of exposed 
mineral grains by applying image analysis to MLA particle sections.  Three possible 
indicators of perimeter grain textural complexity are investigated aimed at addressing 
hypothesis 1.  The outcome presents an index - cumulative weighted perimeter distribution 
(NDC) – that allows particles to be classified based on their exposed mineral grain texture 
complexities within a given overall perimeter composition class. 
This index is then subsequently applied in Chapter 5 to flotation feed, concentrate and tail 
samples from the IOCG ore to determine the confidence intervals that one might expect 
when further sub-dividing perimeter composition classes for the copper minerals (bornite + 
chalcocite) into perimeter texture classes.  The dependence of the coefficient of variation 
(standard deviation divided by the mean multiplied by 100) on the number of particle 
sections per class is tested against a published model (Lamberg & Vianna, 2007) and 
shown to behave in a similar manner.  Knowledge of this relationship is then used to 
establish their importance in data assessment and a practical guide for determining 
perimeter texture-composition classes for further analyses (i.e. mass balancing and 
mineral recovery estimations) has resulted from this.  This information provides support for 
hypothesis 2. 
In Chapter 6 the novel exposed grain texture index developed in Chapter 4 is applied to 
flotation feed and products for the two industrial data sets and the mass proportion of 
copper-bearing minerals in each size-by-perimeter composition class is further 
apportioned into perimeter textural classes based on the value of the index for each 
particle.  Mass reconciliation is applied to the data to produce consistent mass flows of the 
copper mineral components in each of the perimeter texture-composition-size classes.  
Information is also given on the Monte Carlo simulation approach applied to determine 
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confidence intervals for the estimated recoveries for each texture class and mean 
recoveries along with their associated standard deviations from Monte Carlo simulations 
are used to determine whether statistically significant recovery differences can be 
identified between the perimeter texture classes.  For the copper porphyry ore the mass 
balanced data is used to also determine overall rougher flotation kinetic parameters (rate 
of flotation and proportion of recoverable chalcopyrite) for the different texture classes and 
the outcomes of this are used to address hypothesis 3. 
The research presented in chapters 4 to 6 has developed new knowledge in regards to the 
role of exposed grain textures on flotation recovery that will need to be incorporated in 
future property-based flotation models.  Chapter 7 provides a basis from which this future 
research may be undertaken by: 
- Proposing an empirical equation for the inclusion of exposed grain texture complexity 
on flotation performance.  This is demonstrated for the overall recoveries from the 
different texture classes in both ores as well as for the kinetic parameters for the 
copper porphyry ore, 
- Proposing a novel property-based flotation simulation approach to enable the 
distribution of particle compositions in process streams to be predicted during 
simulation – this forms a key component in evaluating the published particle-surface 
composition approach to modelling the flotation response of composite particles. 
Chapter 8 draws to a conclusion the research undertaken in this thesis by addressing the 
key findings as they relate to the hypotheses tested in this thesis. 
In Chapter 9 recommendations are made with regards to possible future research 
directions aimed at further extending the technical knowledge in this field. 
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CHAPTER 2  THE IMPACT OF PARTICULATE TEXTURE ON 
FLOTATION – A LITERATURE REVIEW 
 
 
“Have the courage to follow your heart and intuition.  They somehow already know what 
you truly want to become.” 
- Steve Jobs 
1955-2011 
2.1. Introduction 
Froth flotation has transformed industry’s ability to economically produce nonferrous 
metals of industrial importance from low grade feed stock and is today the primary method 
for the concentration of sulfide minerals such as copper, lead, zinc, nickel, cobalt, 
molybdenum, mercury and antimony as important raw materials (Leja, 2004b).  Platinum 
Group Minerals (PGMs) minerals are also recovered due to their association with base 
metal sulfides (Godel, et al., 2007; Allison & O'Connor, 2011; Cawthorn, 2005; Maier & 
Barnes, 2003; Barnes & Maier, 2002; Ford, et al., 2011) and gold associated with pyrite 
(Newcombe, 2014). 
Since the initial invention of froth flotation in the early 20th century (Rao, 2004a) flotation 
research has been ongoing and has enabled the process to be extended to other industrial 
applications that today include the recovery of oxide and oxidised material (Rao, 2004a), 
the recovery of soluble salts from saturated brine solutions (Cilek & Uresin, 2005; Ozcan & 
Miller, 2002; Ozdemir, et al., 2011; Miller, et al., 1997; Ozdemir, et al., 2009), the treatment 
of waste water (Al-Maliky, 2010a; Al-Maliky, 2010b; Rubio, et al., 2002; Polat & Erdogan, 
2007), de-inking of paper during paper recycling (Watson, 1996; Saint-Amand, 1999; 
Beneventi, et al., 2007; Kemper, 1999) and the processing of oil sands (Wang, et al., 
2010; Coleman, et al., 1995; Zhou, et al., 2004; Zhou, et al., 2013).  In doing so froth 
flotation has established itself as one of the most important industrial applications of 
surface chemistry (Rao, 2004a; Fuerstenau, 1999). 
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2.2. Composite particles in flotation 
Before an ore can be presented for flotation separation it is necessary to release (liberate) 
the economic minerals from the waste minerals to ensure selective separation and this is 
achieved in a series of crushing, grinding and classification stages (Napier-Munn, et al., 
1996).  Reducing the ore particles in size to release the valuable minerals is a very energy 
intensive process (Napier-Munn, 2015; Ballantyne & Powell, 2014; Ballantyne, et al., 2012) 
and therefore complete release of all valuable minerals from the waste is not economically 
viable in practice.  The recovery of locked or composite particles is therefore an important 
contributor to the overall recovery achieved during flotation. 
The aim of the research was to further the understanding of the contribution of composite 
particle textural attributes towards flotation separation efficiency and its implications for the 
forecasting of flotation performance.  The review of the technical literature therefore firstly 
seeks to identify existing indicators of mineral texture within composite particles and how 
these are being applied to yield insights into their importance in the flotation process.  
Secondly the review seeks to establish the current state-of-the-art in the modelling and 
simulation of the flotation behaviour of composite particles. 
2.3. Factors affecting composite particle recovery 
 
2.3.1. Particle size and energy dissipation (turbulence) 
As the ore is ground finer, release (or liberation) of the valuable minerals from waste 
increases and in principle this increased liberation should be beneficial to the flotation 
separation process.  However, by only focussing on achieving high overall liberation of the 
valuable minerals one is ignoring two very important factors that are in competition to 
achieving optimum economic valuable mineral recovery and these are the size 
dependence of mineral recovery during froth flotation and the energy cost for achieving a 
specific liberation target for a mineral.   
The strong size-dependence of flotation recovery (Trahar, 1981) typically takes the form 
shown by the example for the plant recovery of copper shown in Figure 2. 
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Figure 2  Size sensitivity of the recovery of copper from industrial concentrators 
(redrawn from Bulatovic et al., 1998). 
 
The literature contains numerous accounts of the fact that the optimum size range for a 
flotation separation is in intermediate size classes, and this range is ore type and 
equipment specific (McIvor & Finch, 1991; Bazin, et al., 1994; Bulatovic, et al., 1998).  For 
composite particles (with a given liberation characteristic) the relationship between particle 
size and recovery remains the same as demonstrated by Sutherland (1989), 
Vianna (2004) and Welsby (2009).  Other researchers (Jameson, et al., 1977; Luttrell & 
Yoon, 1992; Yoon & Mao, 1996; Sherrell, 2004; Pyke, 2004; Pyke, et al., 2003; Duan, et 
al., 2003; Nguyen & Nguyen, 2006; Nguyen, et al., 1997; Nguyen, 1998) have provided the 
insights to explain this behaviour. 
According to Schuhmann (1942), Gaudin was the first to relate the pulp zone flotation rate 
constant to the micro-processes of particle-bubble collision (PC) and attachment (PA).  It 
was later also acknowledged (Sutherland, 1948; Schuhmann, 1942) that detachment of 
particles from bubbles may occur and that this also affects the pulp zone flotation rate 
constant and has to be taken into account when studying flotation kinetics.  This was 
introduced as a probability of detachment, or PD.  These three micro-processes are today 
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accepted as the building blocks for the overall pulp zone collection efficiency or probability 
of collection (PColl), expressed as (Sutherland, 1948): 
𝑃𝐶𝑜𝑙𝑙 = 𝑃𝐶 ∙ 𝑃𝐴 ∙ (1 − 𝑃𝐷) (1) 
Fine particles have a low mass and subsequently possess a low kinetic energy as they 
approach a bubble.  The thin liquid film between the particle and the bubble presents a 
barrier of resistance that must be overcome by the kinetic energy of particles (Yoon & 
Mao, 1996; Staszczuk & Bilinski, 1993; Ozcan, 1992) to ensure attachment.  Once 
attachment occurs detachment is of low probability due to the fact that hydrodynamic 
shear forces have a low impact on particles of low mass (Duan, et al., 2003; Pyke, 2004; 
Pyke, et al., 2003; Yoon & Mao, 1996).  For fine particles the overall probability of 
collection is therefore governed by the probability of attachment which in this case is very 
low.  An increase in the impeller speed introduces higher rates of energy dissipation in 
mechanical flotation cells (Newell, 2006; Pyke, 2004; Amini, 2012; Sherrell, 2004) and this 
improves the overall attachment efficiency and rate of flotation of fine particles.  Coarse 
particles suffer from the opposite effect in that higher energy dissipation negatively affects 
coarse particle flotation due to increased hydrodynamic shear that increases their 
probability of detachment from the bubbles (Duan, et al., 2003; Pyke, 2004; Pyke, et al., 
2003; Yoon & Mao, 1996).  Hence a lower energy regime is required to improve the 
flotation recovery of coarse particles and this has been demonstrated in practice (Ralston, 
et al., 2007; Grano, 2006). 
This trade-off between increased power input needed for fine particle flotation and coarse 
particle suspension at the cost of coarse particle recovery is one of the well-known 
metallurgical limitations of mechanical flotation cells.  Consequently flotation column cells 
have been introduced since the 1980’s (Rao, 2004a) with bubbles being generated 
through sparger arrangements.  The absence of a mechanical agitator means that a much 
larger quiescent zone is maintained which is advantageous for coarse particle recovery 
and lower maintenance costs are also a benefit.  A subsequent modification to the design 
of modern column cells have led to the development of the Jameson cell, named after its 
inventor Professor Graeme Jameson of the University of Newcastle, Australia (Rao, 
2004a).  Unlike column cells where air bubbles are introduced through sparger 
arrangements, air is induced by feeding the slurry into the system under pressure which 
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causes a highly turbulent contact zone, suitable for fine bubbles but it also has a large 
quiescent zone to promote coarse particle recovery. 
The second factor, grinding energy, is a significant cost component for any concentrator 
(Ballantyne & Powell, 2014; Ballantyne, et al., 2012; Napier-Munn, 2015) and a finer 
product size will equate to a substantial increase in the operational costs, which coupled 
with poor flotation of fine particles will in most cases outweigh the benefit of improved 
liberation.  The size behaviour of particles is also mineral specific (Trahar, 1981).  Under 
the same flotation conditions, the rate constant-size relationships were different for five 
sulfide minerals studied.  More recently the same was reported by Welsby (2009) with 
different rate constant-size relationships for galena and sphalerite.  In the case of 
Welsby (2009) the collector used was targeted at galena and as such differences in 
collector loading will contribute to these differences observed. 
The early work by Trahar (1981) reported a linear increase in the rate constant as particle 
size increased, up to approximately 50 m.  This linear relationship is in contrast to that 
discussed previously and the fact that the data from Trahar (1981) only included particles 
up to 50 m may be the reason for the linear trend as the rate constant increases from fine 
to intermediate particle classes. 
2.3.2. Aeration rate and bubble size 
The impact of aeration and bubble size on the pulp zone recovery of mineral particles is 
well established and their impact can be predicted with a sufficiently high degree of 
certainty (Alexander & Wigley, 2003; Coleman, et al., 2006; Schwarz & Kilgariff, 2005; 
Runge, et al., 1998; Pyke, 2004; Ralston, et al., 2007).  An increase in aeration generally 
improves the flotation response of minerals and this is caused by the higher number of 
bubbles present in the flotation cell.  In addition, higher aeration rates increase bubble size 
(Nesset, 2011; Newell, 2006) which is more beneficial for coarse particles. 
Jameson et al., (1977) were some of the first researchers to relate the pulp zone flotation 
rate constant (kc) to operating conditions such as gas rate (Gfr) and bubble diameter (db) 
using the following relationship: 
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𝑘𝐶 =
3
2
∙
𝐺𝑓𝑟 ∙ ℎ ∙ 𝑃𝐶𝑜𝑙𝑙
𝑑𝑏 ∙ 𝑉𝑟
 (2) 
 In this expression PColl is the overall pulp zone collection efficiency or probability as 
defined by equation (1), h the pulp height and Vr the reference volume of the flotation cell.  
The sub-processes of collision (PC) and attachment (PA) probabilities were subsequently 
studied by Dobby and Finch (1987) who introduced induction time as a main feature of 
particle-bubble attachment.  Importantly, their work also demonstrated that the pulp zone 
rate constant is related to aeration and bubble size as follows: 
𝑘𝐶 ∝
𝑣𝑔 ∙ 𝑃𝐶𝑜𝑙𝑙
𝑑𝑏
 (3) 
In equation (3), “vg” represents the superficial gas velocity (cm/s) and can also be 
expressed as Jg.  Their work did however not consider detachment and therefore PColl = 
PCPA.  Gorain et al., (1997a; 1997b; 1998a; 1998b; 1999) then went on to validate this 
form of the relationship on an industrial scale using different impeller designs.  This 
confirmed the strong linear dependence of the pulp zone flotation rate constant on the 
bubble surface-area flux (Sb), defined as: 
𝑆𝑏 =
6 ∙ 𝐽𝑔
𝑑𝑏
 (4) 
This linear relationship was also shown to be valid on a size-by-size basis (Gorain, et al., 
1997b) and yielded a relationship between the pulp zone flotation rate constant and 
measurable gas dispersion characteristics of the form: 
𝑘𝐶 =
6 ∙ 𝑃 ∙ 𝐽𝑔
𝑑𝑏
= 𝑃 ∙ 𝑆𝑏 (5) 
This is also known and referred to as the P-Sb model, where P represents the ore 
floatability, and when combined with equation (16) produces the expression for the overall 
flotation rate constant applied in the Floatability Component modelling approach as: 
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𝑘 = 𝑘𝑐 ∙ 𝑅𝑓 = 𝑃 ∙ 𝑆𝑏𝑅𝑓 (6) 
In the above equation Rf represents the froth phase recovery and this form of the overall 
flotation rate constant is commonly applied for the modelling and simulation of industrial 
circuits (Alexander & Wigley, 2003; Coleman, et al., 2006; Schwarz & Kilgariff, 2005; 
Runge, et al., 1998).  The influences of gas rate and bubble size are also prominent 
components of more fundamental models for predicting the flotation rate constant of 
mineral particles.  In the General Flotation Model (Ralston, et al., 2007; Grano, 2006; 
Pyke, 2004) the impact of bubble size features in all components of equation (1).  Gas flow 
rate is used as a parameter that establishes the amount of bubble area available for 
particle contact, in line with the earlier formulations of Jameson et al., (1977).  The 
fundamental model-based flotation simulator FlotSim (Yoon, et al., 2012) also considers 
bubble size for all aspects of particle-bubble capture and again aeration is used to 
determine the bubble number concentration as a parameter to determine the flotation rate 
constant. 
Most of the published flotation studies in the literature related to the impact of aeration or 
bubble size on flotation separation are either on an unsized (Smar, et al., 1994; Yoon & 
Luttrell, 1986; Yoon & Luttrell, 1989) or size-by-size basis (Gorain, 1997; Pyke, 2004) due 
to the increased costs in data gathering and complexity in data analysis when 
incorporating composite particle classes.  Modelling and simulation of the impact of these 
two operating parameters (Gorain, 1997; Ralston, et al., 2007; Danoucaras, et al., 2013; 
Savassi & Dobby, 2005) with respect to composite particles is done by assuming that the 
same relationships, as those discussed earlier, hold true. 
2.3.3. Particle composition and mineral liberation 
When an ore is reduced in size by comminution the product is characterised by a 
population of particles that vary in both size and mineral composition.  This is broadly 
referred to as the liberation spectrum of an ore and is influenced by the size distribution of 
the particle population, the grade of the different minerals within the ore and their grain 
size distributions (Wightman & Evans, 2014).  Differences in the flotation response of 
particles due to differences in mineral composition have been known for many years 
(Imaizumi & Inoue, 1963; Cameron, et al., 1971; Frew, 1982; Lynch, et al., 1981).  
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Sutherland (1989) presented some of the first detailed information on how the overall 
particle composition affects the rate of recovery for chalcopyrite from laboratory tests, in 
the absence of collectors, in that for the same degree of chalcopyrite liberation, different 
flotation rates were observed depending on the mineral composition of the remaining 
portion of the particle (Figure 3). 
 
 
Figure 3  Impact of particle mineralogical composition on flotation recovery of 
chalcopyrite (after Sutherland, 1989) from the -38+22 m size class for 60-90% 
liberated chalcopyrite.  Cpy = chalcopyrite and Py = pyrite. 
 
When collectors are added the differences in the collector adsorption densities on minerals 
as well as galvanic interactions between various sulfide minerals are also well known 
contributing factors to the observed differences in the flotation behaviour of different 
particle composition classes and have been studied extensively (Bozkurt, et al., 1998; 
Nakazawa & Iwasaki, 1986; Ekmekci & Demirel, 1997; Yelloji & Natarajan, 1989; Yelloji & 
Natarajan, 1990).  The presence of pyrrhotite has been shown to greatly influence the 
flotation response of pentlandite ores (Bozkurt, et al., 1998; Hodgson & Agar, 1989).  The 
reaction of pyrrhotite with thiol collectors has been reported to be slower than pentlandite 
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and follows different mechanisms.  Because of this, variations in collector adsorption 
densities are expected for the two minerals when present in the same system.  Galvanic 
interactions between pentlandite and pyrrhotite further modify their flotation behaviour.  
When these minerals are in the same slurry or in direct contact, dixanthogen formation on 
pentlandite is promoted and that for pyrrhotite is depleted (Bozkurt, et al., 1999). 
Nakazawa and Iwasaki (1986) studied the influence of galvanic effects between Ni-
arsenide and pyrrhotite and reported a similar effect in that the collector uptake for the Ni-
arsenide mineral was improved but not for pyrrhotite.  Ekmekci and Demirel (1997) 
investigated the galvanic interactions between pyrite and chalcopyrite and found that pyrite 
depressed the flotation of chalcopyrite due to accelerated chalcopyrite oxidation while 
pyrite flotation was enhanced due to its inadvertent activation through copper ions 
produced by chalcopyrite.  In a similar way the presence of galena has been reported to 
improve pyrite flotation (Trahar, et al., 1994). 
For systems containing chalcopyrite-sphalerite and chalcopyrite-sphalerite-galena (Yelloji 
& Natarajan, 1989; Yelloji & Natarajan, 1989), chalcopyrite flotation was inhibited whereas 
both sphalerite and galena showed improved flotation as a result of inadvertent copper 
activation. 
Knowledge of only a particular mineral of interest, with regards to its presence and 
exposure at the surface of a particle is therefore not sufficient to fully explain the flotation 
behaviour of composite particles from mineralogy and liberation analysis.  Instead, the 
complete mineralogy of a particle should be considered when interpreting its flotation 
behaviour and potential galvanic interactions between sulfide minerals of varying reactivity 
cannot be ignored. 
2.3.4. Flotation additives (reagents) 
Flotation additives are used to manipulate the flotation system (Leja & Schulman, 1954; 
Leja, 1989; Laskowski, 1993; Kelebek, et al., 1996; Bradshaw, 1997; Bozkurt, et al., 1999; 
Comley, et al., 2002; Du Plessis, 2003; Moyo, 2005) to achieve in particular the selective 
recovery of valuable minerals from waste.  The functionalities of these additives vary 
depending on which ones are used and their impact or effectiveness also vary depending 
on the particle composition (Welsby, 2009; Vianna, 2004). 
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As stated in section 2.3.1, the thin liquid film that forms between a particle and a bubble 
presents a barrier to the formation of particle-bubble aggregates and must be reduced or 
eliminated to facilitate flotation separation (Yoon & Mao, 1996; Staszczuk & Bilinski, 1993; 
Ozcan, 1992).  This is due to the fact that most minerals are not naturally hydrophobic and 
bulk water molecules will form an ordered assembly on these surfaces through dipole-
dipole interactions (Staszczuk & Bilinski, 1987).   In doing so the particle or mineral surface 
properties resemble those of the bulk water molecules and will therefore bond with the 
bulk water phase (Drost-Hansen, 1969).  The consequence is that this solid-liquid interface 
is not easily disrupted, resulting in a high-energy barrier for particle-bubble attachment 
(Staszczuk & Bilinski, 1993).  To reduce or eliminate this barrier the addition of, for 
example, a suitable mineral collector ( Staszczuk & Bilinski, 1987, 1993; Ozcan, 1992; 
Yoon & Yordan, 1991; Staszczuk, 1983a, 1983b, 1983c, 1984) is required that inhibits the 
formation of such a hydration layer and produces a “loose” water structure close to the 
particle surface that is easily disrupted ( Staszczuk & Bilinski, 1987, 1993; Bilinski, 1991; 
Staszczuk, 1983a, 1983b, 1983c, 1984, Acharya, et al., 2010) and therefore particle-
bubble attachment is favoured. 
The improvement in the flotation response of mineral particles following collector addition 
is however dependent on their size and composition.  For galena (Vianna, 2004; Welsby, 
2009) fully liberated particles in the intermediate sizes benefitted most strongly from 
collector addition.  For the same system, composite particles and coarse liberated particles 
benefitted at medium to high collector dosages indicating that higher dosages were 
needed to ensure sufficient particle-bubble attachment to withstand agitation.  Increasing 
the collector dosage for composite particle classes can however not be seen as a means 
to fully compensate for the effect their lower degree of liberation has on induction time and 
therefore bubble attachment (Albijanic, 2012; Albijanic, et al., 2011; Min, 2010).  Little 
benefit was shown for fine particles upon increased collector addition demonstrating that 
despite these particles being highly hydrophobic their low mass is still insufficient to 
increase their probability of attachment and this outweighs the effect of hydrophobicity. 
In practice the application of mixtures of collectors is very common (Pugh, 1986; Bradshaw 
& O'Connor, 1994; Choi, et al., 1993; Liu & Peng, 1999; Monte & Oliveira, 2004; Grobler, 
et al., 2005; Vos, et al., 2007; Vos, 2006) and such uses have often proved to improve 
metallurgical efficiency and reduce operating costs (Crozier & Klimpel, 1989; Leja, 1989) 
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compared to using single collectors.  Detailed reviews on the formulation and application 
of these mixed collector systems have been published by Lotter and Bradshaw (2010) and 
Lotter et al. (2016) and those authors discuss some of the drivers behind the synergistic 
effects often observed. 
Conversely, selective depressants may be applied to suppress the recovery of an 
unwanted hydrophobic mineral by increasing the energy barrier for particle-bubble 
attachment.  For example: pyrrhotite may be depressed with a combination of DETA and 
SO2 gas (Kelebek, et al., 1996) or by using sodium meta bisulphite (Bozkurt, et al., 1999) 
whereas cyanide has been found to be effective for the depression of pyrite (Du Plessis, 
2003).  Other examples of depressants are given in Table 1.  A change in the gas used 
during flotation may also be effective to suppress the flotation of specific minerals (Buckley 
& Woods, 1992; Du Plessis, 2003; Khan & Kelebek, 2004; Vos, 2006; Miller, et al., 2002 
by controlling the oxidation environment of the flotation system). 
The effectiveness with which a collector or collectors render a specific mineral surface 
hydrophobic is also influenced by the type of metal-collector compound that forms on the 
mineral surface.  In particular iron sulfides such as pyrrhotite and pyrite have a more 
pronounced response to flotation when activating ions such as those of copper, lead or 
nickel are added prior to the addition of collector (Hicyilmaz, et al., 2004; Du Plessis, 2003; 
Mendiratta, 2000; Ekmekci & Demirel, 1997).  For galena and sphalerite their activation by 
copper has also been reported (Yelloji & Natarajan, 1989; Yelloji & Natarajan, 1990).  This 
is in principle driven by the solubility products of the different metal-collector species that 
form.  Copper xanthates are for example orders of magnitude less soluble than those of 
nickel and lead.  Because of this copper xanthates are thermodynamically more stable 
(Chander, 1999) and form strong surface products, and hence successfully activate for 
example pyrrhotite for flotation. 
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Table 1  Some depressants used in froth flotation. 
Depressant Application Reference 
Cyanide (CHN-) Depression of pyrite. Du Plessis, 2003 
Sodium meta-bisulphite 
(MBS) 
Selective depression of pyrrhotite 
from a mixture with pentlandite. 
Bozkurt, et al., 1999 
Ethylenediamine (EDA) 
The managing of the inadvertent 
activation of pyroxene in a 
pyroxene-pentlandite system. 
Shackleton, et al., 
2003 
Diethylenetriamine 
(DETA) + SO2 
Selective depression of pyrrhotite 
from a mixed Cu-Ni ore. 
Kelebek, et al., 1996 
Polyglucosides and 
sulfonates 
Depression of silica and 
dolomites in base metal flotation. 
Fuerstenau, 1982b 
Carboxymethyl cellulose 
(CMC) and Guar Gum 
Used to depress gangue in bulk 
sulphide flotation for PGM 
beneficiation. 
Wiese, et al., 2005a 
Bradshaw, et al., 2006 
Ekmekci, et al., 2006 
  
 
Frothers are also no longer seen as chemicals purely for the production of more stable 
flotation froths.  They have been shown to decrease the stability of the liquid film between 
a solid surface and a bubble and therefore reduce induction time in particle-bubble 
attachment, and by doing so improve flotation kinetics (Laskowski, 1993; Wang & Yoon, 
2006).  Changes to the molecular structure of frothers (branched versus straight chain) 
have also been shown to change the particle size range over which a frother is effective as 
is illustrated by the following diagram. 
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Figure 4  The influence of frother molecular structure on flotation particle size 
range (Klimpel & Hansen, 1988). 
 
Furthermore, interactions between frother and collector molecules at the different 
interfaces are well established (Leja & Schulman, 1954; Leja, 1989; Laskowski, 1993; Rao 
& Forssberg, 1997).  Because of this association, different combinations of these are 
known to result in different flotation outcomes (Laskowski, 1993; Dai, et al., 2001; Harris & 
Jia, 2000).  Frothers also have a critical role in froth flotation by controlling the 
hydrodynamic characteristics of flotation cells - notably bubble size and gas hold-up 
(Comley, et al., 2002; Moyo, 2005; Newell, 2006; Amini, 2012; Nesset, 2011). 
2.3.5. Froth phase effects 
Where flotation was historically considered to be a single-step recovery process by which 
hydrophobic minerals attach to rising air bubbles and move to the concentrate, it was 
subsequently recognised in 1962 by Arbiter and Harris (1962) that the froth zone in its own 
way contributes to flotation efficiency and as such should be considered as separate to the 
pulp zone.  During laboratory batch flotation tests, if the froth is removed very rapidly 
(Arbiter & Harris, 1962; Harris, et al., 2002; Runge, 2007; Amelunxen & Amelunxen, 
2009b), froth phase effects may potentially be ignored although Amelunxen et al. (2013) 
demonstrated that the rate of froth removal needs to be in the order of less than a second 
per scrape, which is not the case in many laboratory procedures.  For continuous 
operations (pilot and plant scale) the contribution of the froth must not be ignored and has 
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been reported and studied extensively (Cutting & Devenish, 1975; Moys, 1978; Lynch, et 
al., 1981; Yianatos, et al., 1988; Falutsu & Dobby, 1989; Falutsu & Dobby, 1992; Vera, et 
al., 1999; Alexander, et al., 2003; Ross, 1991; Contini, et al., 1988). 
Early froth recovery measurements on industrial flotation cells (Alexander, 2006; 
Alexander, et al., 2003; Savassi, 1998; Gorain, 1997) provided a great amount of insights 
on how the froth performance changes for different parts of a circuit and also how 
operational aspects such as aeration and froth depth affect the froth.  These were however 
based on unsized observations of the various flotation cells.  As a follow on from this 
earlier work Seaman (2006) sought to study the selective nature of the froth, with regards 
to particle size and their liberation characteristics.  The results of his investigation 
highlighted two very important mechanisms causing coarse and poorly liberated particles 
to have lower froth recovery.  The first was preferential detachment at the pulp-froth 
interface due to a change in the momentum of the rising particle-bubble aggregate and the 
second was preferential drainage of coarse particles in particular.  This preferential 
detachment and drop-back of coarse and composite particles to the pulp zone was found 
to be very sensitive to their hydrophobic nature for the galena-sphalerite ore studied by 
Welsby (2009).  Low collector additions (0 and 5 mg/kg) caused a much greater flow-back 
of these particles to the pulp zone compared to high collector dosages (15 and 40 mg/kh).  
This was due to the more stable nature of the froth for more hydrophobic particles as the 
pulp zone flotation rate constant did not show much sensitivity beyond a 5 mg/kg collector 
addition.  Rahman, et al. (2013) applied a novel froth-drop back measuring device to plant 
rougher cells from the Northparkes copper operation in New South Wales Australia and 
their findings supported those made by Welsby 2009 and Seaman 2006 in regards to the 
size selectivity of the froth.  No liberation characterisation of the particles reporting to their 
drop-back device was made but chemical analysis did provide evidence that these were 
primarily middling particles lower in copper grade than those in the concentrate.  In 
addition, improved froth performance was observed (on a size-by-size basis) when the 
aeration was increased marginally and supports earlier observations (Gorain, 1997) where 
froth recovery increased with a decrease in froth residence time. 
Clearly for coarse and composite particles the pulp and froth zones do not act 
independently and the flow-back of these particles (under low hydrophobicity) to the pulp 
zone has significant consequences for the amount of value-bearing particles that 
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accumulate at the pulp-froth interface.  The ability of the froth to recover coarse and 
composite particles to the concentrate product is therefore impacted by their size and 
liberation characteristics as well as the hydrophobic nature of the target mineral. 
2.4. Current texture indicators of composite particles relating to froth flotation 
Apart from their mineralogical composition and liberation characteristics (see section 2.3.3) 
the textural nature of the minerals within composite particles plays a very important role in 
mineral processing and subsequently froth flotation and this was pointed out by 
Gaudin (1939) (see Figure 5).  A definition of texture, as it relates to ores and mineral 
particles is given by Vink (1997) who defines texture as the relationship between modal 
mineralogy (bulk composition), mineral grain sizes, their shape and particle composition.  
These are all of fundamental importance in understanding the metallurgical performance of 
ores and the manifestation of the impact of texture is well established in the literature. 
The current literature is rich with laboratory investigations and industrial case studies that 
demonstrate the impact of ore and mineral textures on the recovery of valuable minerals 
from waste.  The Faro deposits in North America was reported (Bulatovic & Wyslouzil, 
1998) to have had portions of the ores in which the lead and zinc sulfides were finely 
disseminated.   The consequence of this disseminated texture was the need for increased 
grinding capacity to produce particles with an adequate degree of liberation of the target 
mineral for rougher flotation recovery.  In addition to rougher recovery, to maintain 
acceptable lead concentrate grades in the final product from cleaner flotation, the need for 
a finer concentrate regrind product size was identified (reduced P80 from 35 m to 13 m), 
particularly due to the presence of very fine secondary copper mineral grain inclusions 
within the lead bearing minerals. 
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 (i)                                                          (ii) 
           
(iii)                                                           (iv) 
Figure 5  Examples of MLA particle section images demonstrating the four 
intergrowth textures defined by Gaudin (1939) that influence mineral processing.  
These are (i) simple textures (ii) coated or rimming (iii) disseminated or emulsion 
and (iv) stockwork or veining. 
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Another classic example of the influence of ore texture was presented by Bojcevski (2004) 
and Bojcevski, et al. (1998) for the George Fisher ores from Mt Isa in Queensland, 
Australia.  During the feasibility study for this mine the correlation between head grade and 
metal recovery was applied to support mine planning and production scheduling but 
subsequent test work on additional ores demonstrated this to be ineffective in estimating 
observed recoveries and grades.  Classes of mesotextures (textures visible at hand-
specimen scale of centimetres using the unaided eye (Vink, 1997)) were identified and 
studied to link the mesotextures to their associated microtexture (textures visible with the 
aid of a microscope and at the micrometre scale (Bojcevski, 2004) classes, and 
subsequently to their liberation and flotation performances.  The identification of the unique 
characteristics of each class of mesotextures improved the understanding of the 
separability of the George Fisher ores and aided with improved flow sheet developments. 
Chernet (1999) demonstrated at laboratory scale how knowledge of the differences in 
grain size, mineral proportions and texture were applied to determine processing routes for 
Ilmenite ores.  Laboratory flotation tests have also showed that finely disseminated or fine 
bleb- or net-texture sulfides are problematic for pentlandite separation and that these 
textures produce poor nickel recoveries and grades (Mishra, et al., 2013). 
There are a number of key quantitative measures of composite particle textures.  Where 
the earlier accounts of quantitative mineral involved manual grain counting exercises 
(Gaudin, 1939) modern methods involve the application of automated SEM (scanning 
electron microscope) systems (Gu, 2003; Fandrich, et al., 2007) as well as high-resolution 
X-ray tomography (HR-XRT) (Lin & Miller, 1997; Miller, et al., 2009; Wang, et al., 2015; 
Medina, et al., 2012a; Medina, et al., 2012b).  A discussion of key texture indices follows. 
2.4.1. Mineral and particle textures based on 2D particle sectional information 
One of the earlier accounts of quantitative process mineralogy is described by 
Gaudin (1939) who discussed a procedure for determining the locking characteristics of 
minerals through microscope counting techniques, and the statistical methods in 
estimating the confidence in these results have also been reported (Chayes, 1944; 
Chayes, 1945; Van der Plas & Tobi, 1965).  Quantitative mineralogical data proved to be 
extremely useful and this prompted further developments to produce the information 
through automated measurements, and over time the earlier optical systems were 
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replaced by scanning electron microscope (SEM) based systems (Sutherland & Gottlieb, 
1991). 
King (1977) made an important contribution in the field of mineral liberation measurements 
by applying a linear scan technique and mini-computer as a means of automating the 
process.  The technique relied on determining the length of a line that intercepted a 
particular mineral phase and this concept is depicted in Figure 6 after King (1994). 
 
 
Figure 6  Examples of the different fragments one can obtain from a particle 
section as reported by linear intercept methods (redrawn from King, 1994). 
 
The different intercept lines (Li) represent the various particle fragment types obtainable 
when applying the linear intercept technique.  In this case L1 represent a single phase 
fragment with only the host phase present.  L2 and L3 represent fragments in which two 
phases are present.  L4 represents a fragment in which two phases are present but with 
two grains for the second phase.  L5 contains three phases with three grains. 
Complete particle mapping (Miller et al., 1982) was applied in later SEM systems to 
extensively characterise polished sections of mineral particles by collecting X-ray 
measurements on a pixel-by-pixel bases.  The electron back-scatter signature on a pixel-
by-pixel basis were then used to segment the particle section (see Figure 7) into mineral 
grains based on regions of homogeneous grey levels (Fandrich, et al., 2007). 
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(i)                                                           (ii) 
Figure 7  Particle section images from SEM measurements showing (i) a back-
scatter electron image and (ii) segmented particle (Fandrich, et al., 2007) with each 
colour representing a different mineral phase. 
 
Each pixel of a particle section represents a projected area size (m2) based on the 
scanning resolution used (m2/pixel) and the projected area can be used to approximate 
the areal grade of each mineral present as follows: 
k =
∑ ∑ ij,k
N
j=1
M
i=1
∑ ∑ ij
N
j=1
M
i=1
∙ 100 (7) 
Where: 
 M, N  = width and height respectively of image in pixels 
 ij,k  = pixel area of mineral ‘k’ at matrix element ‘i-j’ 
k  = estimated volumetric grade of mineral phase ‘k’ in particle 
 ij  = pixel area of particle at matrix element ‘i-j’ 
For particle sections it is assumed that the areal grade is representative of the volumetric 
grade and this is then used to determine the mass composition of the minerals present as 
follows: 
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Mk =
k ∙ SGk
∑ (i ∙ SGi)
Q
i=1
∙ 100 (8) 
Where: 
 Mk   = mass composition (%) of mineral phase ‘k’ in particle 
 SGk / SGi  = specific gravity of mineral ‘k’ or ‘i’ 
Q   = number of individual minerals in the ore 
This enables the mineral composition (both volume and area based) for each particle to be 
estimated as well as the overall modal mineralogy for a measured particle population. 
The Mineral Liberation Analyser or MLA (Gu, 2003; Fandrich, et al., 2007) is one particular 
instance of automated SEM systems that is applied in mineral processing to measure 
particle characteristics and the liberation attributes of minerals from MLA measurements 
can be viewed using its associated image processing software namely DataView 
(Fandrich, et al., 2007).  The outputs may be viewed in two different ways.  In the first the 
area or mass composition, with regards to a mineral of interest, may be considered for 
particle classification purposes (King, 1994; King & Schneider, 1998) although the 
quantitative make-up of composite particles has no real importance in flotation according 
to Gaudin (1939).  Since froth flotation is a surface phenomenon it relies on the target 
mineral being exposed at the particle surface to ensure bubble attachment and ultimately 
flotation recovery, therefore what is important is the make-up of the particle surface as 
approximated using particle section perimeter information.  The observed relationship 
between particle areal or mass composition and flotation response is ascribed to the 
relationship that may exist between this measure of liberation and the make-up of the 
surface of the particle (Gaudin, 1939).  Lastra (2002) provided similar comments and 
further stated that textural complexity of the exposed perimeter is important, i.e. perimeter 
texture should be considered, only for fine particles when this complexity is retained during 
the particle size reduction process. 
Apart from liberation characteristics or particle composition there are a number of different 
textural indicators known to affect flotation separation and these are discussed in the 
following section. 
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2.4.1.1. Grain size distributions (GSD) and phase specific surface areas (PSSA) 
It was briefly mentioned that the grain size distribution of minerals within an ore affects it 
liberation characteristics during grinding and that it also has implications on downstream 
flotation (Bulatovic & Wyslouzil, 1998; Bojcevski, et al., 1998; Bojcevski, 2004).  Through 
the extensive X-ray mapping of particle sections it is possible to estimate the projected 
area of various mineral grains (m2) from which a grain size can be estimated.  This is 
achieved by equating the grain area to that of a circle and the grain size is then expressed 
as a circle diameter as follow: 
𝐴measured = 𝐴𝑐𝑖𝑟𝑐𝑙𝑒 =
 ∙ 𝑑2
4
 (9) 
𝑑 = √
4 ∙ 𝐴𝑐𝑖𝑟𝑐𝑙𝑒

 (10) 
Where: 
 Ameasured  = measured area of target mineral grain 
 Acircle   = circular area equivalent to Ameasured 
 d   = diameter of circular area equivalent to Ameasured 
Because the grain size is approximated by a circle diameter it is also termed the 
Equivalent Circle Diameter or ECD and is reported by software packages such as MLA 
DataView.  Smaller grain areas and therefore smaller values of ECD have implications for 
mineral processing in that finer grinding is required to produce adequate liberation for 
flotation separation (Bulatovic & Wyslouzil, 1998; Bojcevski, 2004; Bojcevski, et al., 1998).  
Errors in the estimations of grain size distributions have been determined by Evans & 
Napier-Munn 2013 using the bootstrap resampling technique ( Chernick, 1999; Efron, 
1979, 1987) and shown to follow an expected decay as more particle sections are 
measured, similar to an empirical model presented by Lamberg & Vianna (2007) that 
states the coefficient of variation (standard deviation divided by the mean) can be 
approximated as: 
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CoV =
100
𝑁𝑝
0.5 (11) 
Where: 
 Np = number of particles within a specific particle composition class 
The grain size estimated through ECD calculations is however a very simplistic 
representation of mineral grains where in actual fact their shapes are far less defined for 
real ores.  The images in Figure 8 represent MLA particle sections in which one of the 
minerals is present as a vein intergrowth.  This complicates the approximation of grain 
sizes via equations (9) and (10). 
 
           
Figure 8  Examples of MLA particle section images in which one mineral is present 
in vein-style intergrowths.  Images are from a +150 m concentrate sample for a 
copper porphyry ore. 
 
The direct measurement of mineral specific grain size distributions is thus not a 
straightforward task due to the fact that mineral grains do not have well defined shapes.  
Sutherland (2007) proposed a line intercept technique as the most appropriate image 
analysis technique for this task and also suggested phase specific surface area (PSSA) as 
a more robust quantitative measure for ranking mineral grain sizes.  Phase specific 
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surface area, as introduced by Miller, et al. (1982), can be demonstrated to be inversely 
related to grain size; hence smaller mineral grains produce higher PSSA values.  For 
particles of a similar areal composition of a mineral it was therefore noted as being directly 
related to the degree of dissemination (same total areal composition but across smaller 
grains will produce higher PSSA value) of that mineral. 
The concept of phase specific surface area has proven to be an extremely useful 
technique for ranking ores in regards to the variations in the grain sizes for various target 
minerals (Jackson, et al., 1988; Weedon, et al., 1990) and their impact on processing 
performance.  Sutherland, et al. (1991) presented clear evidence of the relationships 
between the PSSA of various sulfide minerals and concentrate grade, plant recovery and 
overall concentration efficiency.  From MLA particle sections the PSSA (PSSA2D) for a 
particular mineral in a measured population of particles is approximated as the total 
perimeter length for all grains of that mineral, per total projected area (m/m2) for all 
grains of that mineral, within all measured particle sections. 
𝑃𝑆𝑆𝐴2𝐷,𝑥 =
∑ ∑  𝑆𝑖𝑗
𝑥𝑁𝑖𝑥
𝑗=1
𝑀𝑥
𝑖=1
∑ ∑  𝐶𝑖𝑗
𝑥𝑁𝑖𝑋
𝑗=1
𝑀𝑥
𝑖=1
 (12) 
Where: 
 X  = Size class 
MX   = Total number of particle sections measured for size class ‘X’ 
 Nix  = Number of grains for mineral of interest in particle ‘i’ for size class ‘X’ 
 𝑆𝑖𝑗
𝑥    = Perimeter length (m) of mineral of interest for the ‘j-th’ grain in  
      particle ‘i’ for size class ‘X’ 
 𝐶𝑖𝑗
𝑥    = Total area (m2) of mineral of interest for the ‘j-th’ grain in particle ‘i’ 
      for size class ‘X’ 
The value of PSSA2D is as such a single value for a complete particle population within a 
measured size class.  In its present form it does not represent a distribution of values and 
is characteristic of the bulk texture for a mineral and not the perimeter of particle sections. 
2.4.1.2. Particle and grain shapes 
Particle or grain shape play and important role in the flotation separation process and in 
1974 it was demonstrated (Huh & Mason, 1974) that the size of a particle floating on the 
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air-water interface can be increased substantially if the shape is changed from a sphere to 
that of an oblate spheroid.  Depending on the density and contact angle of the material the 
volume of the floating particle could be increased between 6 and 64 times that of the 
original sphere.  This phenomenon is today attributed to the Gibbs Inequality Condition, 
postulated by the distinguished Josiah Willard Gibbs (1928), that states that “during the 
pinning of the three-phase gas−liquid−solid contact line at the sharp edge the contact 
angle can be increased by the angle (measured via the solid phase) between the edge 
surfaces”.  Ally, et al. (2012) and Feng & Nguyen (2016) studied this phenomenon on 
spheres by modifying their shapes as shown in Figure 9 below. 
 
                
(i)                                                (ii) 
Figure 9  Spherical particle shapes used by (i) Ally et al., (2012) and (ii) Feng and 
Nguyen (2016). 
 
Pinning of the air-liquid-solid contact line at the sharp edges was observed for both cases 
and this resulted in an increase in the detachment force of the solid from liquid surface.  
Recently Wang, et al. (2016) produced high-speed photography evidence of the 
preferential detachment of more spherical particles from the surfaces of bubbles in support 
of the more fundamental observations made by Ally, et al. (2012) and Feng & 
Nguyen (2016).  Gautam & Jameson (2012) extended these types of investigations by 
studying cubic particles at the air-water interface. 
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In practice the improved separation of irregular shaped particles through flotation has been 
demonstrated on a number of occasions using laboratory experimental techniques 
(Guven, et al., 2015; Ahmed, 2010; Koh, et al., 2009; Kursun & Ulusoy, 2006; Hicyilmaz, et 
al., 2004; Yekeler, et al., 2004).  Vizcarra, et al. (2011) studied the role of particle 
angularity (as defined by Pourghahramani & Forssberg (2005)) on the rate of flotation of 
pure chalcopyrite in a micro-flotation cell with and without collector addition.  In the latter 
case angularity did play a strong role for particles of low hydrophobicity but when collector 
was introduced no clear difference was observed in the flotation behaviour between 
particles of low or high angularity.   
The above studies related to particle shape and its role in attachment to the various 
interfaces and flotation separation efficiencies were carried out in laboratory experiments 
using pure minerals or particles.  What is the significance of these outcomes for the 
flotation separation of composite particle? 
The study by Gautam & Jameson (2012) confirmed existing knowledge that the sharp 
edges of particles provide much greater attachment stability at the interface.  What was 
however concluded from this is what is potentially the most important aspect that relates to 
composite particle flotation, and that is that the grain edges of composite particles may act 
as a means of pinning the three-phase contact line to provide greater particle-bubble 
aggregate stability.  The outcomes of the work by Vizcarra, et al. (2011) may also be seen 
as indicating that shape features may be more important for composite particles of low 
hydrophobicity where attachment efficiency to bubbles is low due to low liberation of the 
hydrophobic minerals. 
The shape of particles have also been shown to affect their entrainment during the 
flotation process (Wiese, et al., 2015) wherein high aspect ratio (aspect ratio defined as 
the ratio of the length of the short axis to that of the long axis) particles with an aspect ratio 
close to one (spherical) were entrained to a greater extent.  Explanations given by Wiese, 
et al. (2015) were that different aspect ratios of particles produce different drag coefficients 
when settling in water which has a known relationship to their terminal velocities. 
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2.4.1.3. Mineral intergrowth texture complexity and locking ratio 
The measures of textural characteristics discussed in sections 2.4.1.1 to 2.4.1.2 provide 
means of characterising mineral grain shapes and sizes.  All of which have known 
implications for mineral processing.  They do not however provide a means of determining 
how much of a mineral is present within the different intergrowth textures (refer back to 
Figure 5) proposed by Gaudin (1939).  From Figure 5: texture types (i) and (iv) are 
expected to behave in accordance to the relative abundance of the minerals present.  
Type (ii) on the other hand does not respond in accordance to the relative abundance of 
the minerals present but rather in proportion to the makeup of the particle perimeter.  
Particles representing texture type (iii) typically respond to flotation as one would expect 
the host mineral would respond because in this case the presence of the target mineral is 
in very low quantities.  For intergrowth types (ii) to (iv), downstream liberation through 
regrinding is also significantly more challenging compared to the simple texture in (i) 
(Gaudin, 1939).  Knowledge of the presence of these intergrowth classes are thus of 
importance to understand the processing challenges of ores. 
Perez-Barnuevo, et al. (2013) suggested inspecting the differences in the liberation 
distribution of a mineral, as viewed based on area composition versus that viewed based 
on particle perimeter composition, as a first means of evaluating a particular ore that 
contains appreciable quantities of complex texture intergrowths of a mineral.  An example 
of such a comparison is presented in Figure 10 for two different copper porphyry ores 
within the -150+75 m size classes.   
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Figure 10  Mineral liberation distribution curves for ore type (Ore_1) and ore type 
(Ore_2) having different amounts of the target mineral in complex intergrowth 
textures.  Both samples are from copper porphyry ores and the +150-75 m size 
classes are shown. 
 
The long dashed lines represent liberation distributions by area composition and the short 
dashed lines the same information by perimeter composition of the copper mineral.  These 
curves show ore Ore_1 as having little of the copper minerals present in complex 
intergrowth textures and ore Ore_2 as having appreciable quantities of the target mineral 
present in complex intergrowth textures, according to the guidelines of Perez-Barnuevo, et 
al. (2013). 
To classify copper mineral-bearing particles into one of the four texture classes presented 
in Figure 5 ten metallurgical indices were initially developed and tested of which only four 
were found to be needed to allow for a 95% accuracy towards particle classification 
(Perez-Barnuevo, et al., 2012). Of particular interest was the texture intergrowth 
complexity index (ITC) that determines the probability of a line intercept to cross the  
mineral boundary where  represents the mineral of interest and  any other mineral.  This 
indicator is therefore a proxy for intergrowth complexity with higher values indicating 
greater intergrowth complexity of the target mineral with the other minerals within a 
Ore_1 
 
 
 
Ore_2 
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particle.  It was commented by Perez-Barnuevo, et al. (2013) that a high texture 
complexity indicator is indicative of the fact that liberation during regrinding will be more 
difficult.  More work is however needed to determine the impact of each of the four texture 
classes on the recovery process.   
In more recent work Fosu, et al. (2015a) studied the laboratory flotation behaviour of 
coarse composite sphalerite particles as a function of the locking ratio (LR) of the 
sphalerite grains, defined as: 
LR =
(𝑠𝑝ℎ𝑎𝑙𝑒𝑟𝑖𝑡𝑒 𝑎𝑟𝑒𝑎%) ∙ (𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑠𝑖𝑧𝑒)2
100 ∙ (𝑠𝑝ℎ𝑎𝑙𝑒𝑟𝑖𝑡𝑒 𝑠𝑖𝑧𝑒)2
 (13) 
This characteristic is based on the areal composition of sphalerite, the size of the 
sphalerite grain and the size of the composite particle as obtained from particle sections.  
Their findings showed particles with higher locking ratios – high proportion of sphalerite 
mineral grain perimeter in contact with other mineral phases i.e. more disseminated – 
within a given particle area composition class reported poorly to flotation concentrates 
compared to simple textures.  This was attributed to the fact that for simple locking 
textures more of the target mineral was available for bubble attachment, that is, a larger 
continuous section of the hydrophobic mineral is present.  No attempt was made to 
quantify confidence limits in the recovery numbers reported and it is well known that the 
coefficient of variation for data obtained from particle sections in which the measured 
quantity is present in only a few sections can be substantial (Mariano & Evans, 2015; 
Evans & Napier-Munn, 2013; Lamberg & Vianna, 2007).  Furthermore, the recovery 
numbers reported were for a wide size distribution (between 75 and 600 m) and the effect 
of particle size on textural complexity was therefore not isolated, making it difficult to 
attribute recovery difference solely due to the differences in textural complexity.  In another 
study (Fosu, et al., 2015c) the impact of texture was investigated using a laboratory 
Denver flotation cell and a HydroFloatTM fluidised-bed separator.  For both pieces of 
equipment, simple textures showed higher recovery and the HydroFloatTM separator was 
reported to significantly improve the recovery of particles having more complex intergrowth 
textures compared to the Denver cell.  The lack of detailed liberation and textural 
information makes it difficult to assess the impact of texture in this context. 
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2.4.2. Mineral and particle textures based on 3D HR-XRT 
The application of X-ray tomography in mineral processing is well documented in the 
literature (Miller, 2010; Miller & Lin, 2009).  Some of the advantages of the X-ray 
tomography over traditional automated SEM measurements include no significant upfront 
sample preparation and the fact that stereological effects, the main cause for the over 
estimation of liberation using particle section images, are eliminated (Miller, et al., 2009).  
In addition, the makeup of the particle surface from particle sections is estimated by 
considering the perimeter of the 2D sections and this can potentially be erroneous as is 
illustrated by the following section images after exposure analysis from tomography 
measurements (Medina, et al., 2012b). 
 
 
Figure 11  Section images of feed sample (425-2000 µm) showing pyrite grains 
following, (a) reconstructed image and (b) exposure analysis image (Medina, et al., 
2012b). 
 
When considering only the section image on the left it appears that some the grains in this 
sectional image are internal as they are not at the particle section perimeter.  However, 
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those grains are external when the complete 3D data set is analysed as is shown by 
image (b).  Recent developments in the image analysis procedures have also improved 
the image segmentation of fine and high-density/high atomic number particles (Wang, et 
al., 2015). 
Although it is acknowledged in this thesis that X-ray tomography has evolved significantly 
in the past 15 to 20 years as a tool for characterising mineral particles, for this research 
particle sections from MLA measurements on flotation feed and product samples were 
used to study the contribution of particle surface attributes on flotation and their 
implications for flotation modelling.  The particle textural feature of interest in this research 
is the spatial arrangement of exposed mineral grains and, as will be established in 
Chapter 4, for the two ores to which the analyses were applied in this research the 
complex textural features of interest were only present in low grade particles (< 40% 
perimeter composition of the target mineral).  These particles have a low stereological bias 
when features are determined from single sections of particles (Spencer & Sutherland, 
2000). 
2.5. Spatial distribution of hydrophobic mineral grains in composite particles 
The indicators of mineral textures within composite particle discussed in section 2.4 
provided an overview of existing descriptors used to define particle or mineral textures and 
their relevance to flotation separation.  And there have been advances in the application of 
X-ray tomography in minerals processing that have helped to overcome some of the 
limitations of using single particle sections when determining particle or mineral textural 
features. 
The nature of composite surfaces is however a complex phenomenon where the spatial 
arrangement of the different domains can also influence their behaviour.  In the field of 
surface wetting Hua, et al. (2009) for example studied the arrangement and density of 
water molecules between parallel plates and the results of their work indicated that for the 
same overall surface coverage of a hydrophobic domain the properties of the water 
molecules at the surfaces between these plates differed for different spatial arrangements 
of the hydrophobic domains (see Figure 12).  These translated to different dewetting 
characteristics that could not be predicted using the Cassie and Baxter equation (Cassie & 
Baxter, 1944). 
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Figure 12  Surface patterns used by Hua et al. (2009) for studying the effect of the 
spatial distribution of a hydrophobic domain on the wetting characteristics of 
plates.  The Cyan spheres represent hydrophobic particles. 
 
There have also been research findings in other areas, outside of surface wetting, that 
demonstrate the importance of the distribution or patterning of surface substrates.  Xia, et 
al. (2015) studied the effect of the spatial patterning of the adhesive compound on the 
effective adhesion strength of thin tape.  By changing the underlying patterns of the 
adhesive compound a wide range of behaviours with regards to the effective adhesion 
strength was observed.  Similar studies were conducted by Ramrus & Berg (2006) who 
studied amongst other things the effect of the pattern shape on the adhesion strength of a 
polymer surface binding to an oxide surface.  As expected adhesion strength was a strong 
function of the ratio of adhesive to non-adhesive applied to the surface with the adhesion 
strength increasing as the amount of adhesive compound increased.  However, they also 
reported an enhancement of up to 80% in the adhesion strength by applying the adhesive 
compound in a pattern of square islands surrounded by thin borders of the non-adhesive 
compound (Ramrus & Berg, 2006).  This overall improvement in the strength of adhesion 
for this particular pattern was attributed to the fact that additional activation energy was 
needed ahead of every square of adhesive material to initiate a crack which is then 
blunted at the end of the adhesive patch.  When done at the correct frequency an overall 
increase in adhesion was observed. 
How does this relate to the flotation separation of composite particles?  There is very little 
in the literature that addresses this aspect directly but there are studies to support the 
suggestion that the spatial arrangement of exposed hydrophobic mineral grains, within a 
given particle surface composition class, will impact on the flotation separation of 
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composite particles, a hypothesis proposed for further examination by Evans (2010).  
Where pinning of the contact line on homogeneous surfaces is caused by surface 
irregularities such as sharp edges (Gautam & Jameson, 2012; Ally, et al., 2012; Feng & 
Nguyen, 2016), pinning of the contact line at the surfaces of composite particles may be 
caused by the edges of hydrophobic grains resulting in particle-bubble aggregate stability 
(Gautam & Jameson, 2012). 
This hypothesis that the interactions of the solids-liquid-gas interface at the contact line is 
what is important for surface wetting (or dewetting) has been discussed by Gao & 
McCarthy (2007; 2009) who also provided compelling evidence that the interfacial area 
within the contact perimeter is irrelevant.  When air bubbles are pinned to the edges of 
hydrophobic grains then the attachment force is stated to be proportional to the length of 
the contact lines and not necessarily the fraction of hydrophobic mineral present at the 
surface (Gautam & Jameson, 2012).  Although Fosu, et al. (2015a) concluded that 
differences in the spatial distribution of the exposed hydrophobic grains was responsible 
for the differences in the behaviour of sphalerite-bearing particles, their textural indicator 
the locking ratio (see equation (13)), is a bulk textural indicator and does not represent the 
spatial distribution of the sphalerite grains with respect to one another.  In fact, none of the 
particle or mineral textural descriptors discussed so far (particle composition and 
liberation, grain size distributions, phase specific surface area, intergrowth texture 
complexity and locking ratio) provide a description of the spatial distribution of target 
mineral grains at particle surfaces.  Further investigations by Fosu, et al. (2015b) also 
provided evidence of greater attachment probability for an air bubble to a particle surface 
comprising multiple exposed sphalerite grains.   
Clearly there are significant knowledge gaps with regards to the understanding how the 
spatial arrangement of exposed hydrophobic grains affect the flotation behaviour of 
composite particles. 
2.6. Predicting the flotation behaviour of composite particles 
 
Depending on the flotation system under investigation, the overall recovery of a specific 
component to the concentrate, as a function of time, can be mathematically expressed as: 
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Laboratory batch tests ( Garcia-Zungina, 1935): 
𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 = (1 − 𝑒
−𝑘∙𝑡) (14) 
Continuous operation ( Arbiter & Harris, 1962): 
𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 =
𝑘 ∙ 
1 + 𝑘 ∙ 
 (15) 
In equation (14), “t” represents the cumulative batch flotation time lapsed during the test 
whereas “” in equation (15) represents the residence time of the particles in the flotation 
cell.  In both cases “𝑘” represent the overall first order flotation rate constant. 
Because the rate constants in the above expressions represent the overall process, it does 
not give an explicit account of the macro-processes taking place in the pulp or the froth 
zones respectively.  It is therefore necessary to decouple the froth and pulp zone effects 
during the flotation process and this may be achieved by expressing a froth phase 
efficiency, or froth recovery (Rf), as follows (Finch & Dobby, 1990; Savassi, et al., 1997): 
𝑅𝑓 =
𝑘
𝑘𝑐
   𝑜𝑟   𝑘 = 𝑘𝑐 ∙ 𝑅𝑓 (16) 
In equation (16), 𝑘𝑐 represents the pulp or collection zone first order flotation rate constant 
and is related to the rate of transfer of particles from the pulp to the froth phase.  To 
determine this parameter it is necessary to have a measure of the froth recovery for that 
particular component in addition to the overall rate constant and numerous researchers 
have published methods of doing so (Rahman, et al., 2013; Alexander, 2006; Alexander, 
et al., 2003; Seaman, 2006; Savassi, 1998; Savassi, et al., 1997; Vera, et al., 1999; 
Falutsu & Dobby, 1992; Gorain, 1997). 
Equations (14) and (15) also do not adequately describe the recovery mechanism of fully 
liberated hydrophilic mineral particles because their rate constant will be zero, or close to 
zero, although they do report to the concentrate in appreciable quantities.  This is because 
equations (14) and (15) only take into account the recovery of minerals as a result of 
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attachment to rising bubbles and this is not the primary mechanism for the recovery of 
hydrophilic mineral particles.  As swarms of bubbles carry attached particles to the surface 
they also carry a flux of water into the froth phase.  Particles that are not attached to 
bubbles, and are small enough, may then be carried into the froth phase suspended in the 
upwards flux of water and exist in the froth due to entrainment (King, 2001; Johnson, 
1972).  The overall recovery (Roverall) for a component, which is typically measured during a 
survey or laboratory test, is therefore a combination of its recovery by entrainment and true 
recovery through bubble attachment (Trahar, 1981). 
Torne, et al. (1976) reported that the non-selective recovery of hydrophilic minerals to the 
concentrate was proportional to the recovery of water and an accurate measure of the 
degree to which this takes place is important for accurate concentrate grade predictions.  
Using the method by Savassi (1998) and Savassi, et al. (1998) this recovery by 
entrainment (𝑅𝐸𝑁𝑇𝑖) can be calculated as follows: 
𝑅𝐸𝑁𝑇𝑖 =
1 − 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙
1 − 𝑅𝑤
∙ 𝐸𝑁𝑇𝑖 ∙ 𝑅𝑤 (17) 
In equation (17), 𝑅𝐸𝑁𝑇𝑖 represents recovery by entrainment, 𝑅𝑤 the recovery of water to the 
concentrate, 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 the overall recovery of a specific mineral, and 𝐸𝑁𝑇𝑖 the degree of 
entrainment, defined as the ratio of the recovery of fully liberated, hydrophilic gangue 
(such as quartz in a sulfide system) to water recovery (Savassi, 1998; Savassi, et al., 
1998). 
Once the contribution of this non-selective recovery component (𝑅𝐸𝑁𝑇𝑖) is known recovery 
via bubble attachment, or true flotation, (𝑅) can be determined as: 
𝑅 = 𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 − 𝑅𝐸𝑁𝑇𝑖 (18) 
Combining equations (15) and (16) yields the expression for the compartmental model 
proposed by Finch & Dobby (1990) that takes into account the influence of the froth phase 
on the measured flotation response of minerals.  If equations (6) and (17) are also 
included to account for the effect of gangue mineral entrainment (Savassi, 1998; Savassi, 
et al., 1998) and hydrodynamic conditions (Gorain, 1997; Gorain, et al., 1997a; Gorain, et 
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al., 1997b), the full expression of the Floatability Component model for industrial circuits is 
derived as: 
𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙 =
𝑃 ∙ 𝑆𝑏 ∙ 𝑅𝑓 ∙ 𝜏 ∙ (1 − 𝑅𝑤) ∙ 𝐸𝑁𝑇𝑖 + 𝑅𝑤 ∙ 𝐸𝑁𝑇𝑖
(1 + 𝑃 ∙ 𝑆𝑏 ∙ 𝑅𝑓 ∙ 𝜏) ∙ (1 − 𝑅𝑤) ∙ 𝐸𝑁𝑇𝑖 + 𝑅𝑤 ∙ 𝐸𝑁𝑇𝑖
 (19) 
To fully understand the recovery of mineral particles to the flotation concentrate it is 
necessary to account for the interactions of the pulp zone, the froth zone and entrainment 
as governed by the three main macro-processes namely: 
 The attachment of particle to dispersed air bubbles in the pulp phase which carries 
them to the top layer, known as the froth phase. 
 The entrainment of particles in the flux of water being carried to the froth layer by the 
rising air bubbles.  Not all entrained particles drain back to the pulp phase and as such 
some report to the concentrate. 
 The transportation of the particle in the froth, attached to air bubbles or in the water 
phase, to the concentrate launder. 
The direct measurement or estimation of each of the three components (froth recovery, 
entrainment and pulp zone flotation rate or floatability) is discussed next with reference to 
composite particles where applicable. 
2.6.1. Direct measurements of froth recovery 
The direct measurement of froth phase performance was performed in late 1980s and 
early to mid-1990s by a technique that utilised a change in the froth depth (Feteris, et al., 
1987; Laplante, et al., 1989; Mular & Musara, 1991; Vera, et al., 1999).  In this technique 
the overall flotation rate constant, usually obtained from laboratory tests, was determined 
at various froth depths under fixed conditions.  This is schematically presented in Figure 
13.  By extrapolating this relationship to a froth depth of zero the assumption was made 
that the rate constant at zero froth depth equated to the pulp zone flotation rate constant 
because froth recovery was 100%.  By applying equation (16) froth recovery was then 
estimated as a function of froth depth.  This technique is robust for providing an accurate 
account of the froth phase performance within laboratory cells although the assumption of 
a 100% froth recovery has been questioned (Amelunxen, et al., 2013) as this is also 
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impacted by the froth scraping rate.  The need to change froth depth multiple times 
however makes industrial application very difficult by being time consuming as well as 
disrupting the steady state of the circuit (Alexander, 2006; Seaman, 2006). 
 
 
Figure 13  Graphical estimation of pulp zone rate constant and froth recovery 
through the change in froth depth technique (Vera, et al., 1999). 
 
A second technique was proposed by Gorain, et al. (1998a; 1998b) based on an extension 
of the k-Sb relationship (Gorain, 1997; Gorain, et al., 1997a; Gorain, et al., 1997b) in 
equation (5).  The observed linear relationship between the flotation rate constant and 
bubble surface-area flux was observed to deviate when the froth depth was increased and 
it was proposed to be due to changes in the froth phase performance.  By varying the froth 
depth, aeration rate and impeller speed an empirical model for the determination of froth 
depth was developed that could be applied to industrial flotation cells, and had the 
following expression: 
𝑅𝑓 = 𝑒
−𝛽∙𝐹𝑅𝑇 (20) 
47 
 
In this expression  is related to the stability of the froth phase and FRT is defined as the 
froth residence time (seconds) of material before being discharged into the concentrate 
and was calculated as: 
𝐹𝑅𝑇 =
𝑉𝑓 ∙ (1 − 𝜀𝑔
𝑓𝑟𝑜𝑡ℎ)
𝑄𝑐𝑜𝑛
 (21) 
Where: 
 Vf   = volume of the froth phase 
  𝜀𝑔
𝑓𝑟𝑜𝑡ℎ
  = gas hold-up in the froth phase 
 Qcon   = concentrate volumetric flow rate 
The model was tested using different flotation cell designs and sizes (0.25 m3 and 2.8 m3) 
and shown to be adequate over a range of operational conditions for which only a single  
parameter was required to be fitted (Gorain, et al., 1998b).  Although the approach could 
be applied to industrial flotation cells it was still very intrusive from an operational point of 
view since it requires aeration and impeller speeds to be changed multiple times, per cell.  
Less intrusive techniques have subsequently been developed to allow froth recovery 
measurements on industrial cells to be done readily as part of a plant survey (Savassi, 
1998; Savassi, et al., 1997; Alexander, 2006; Alexander, et al., 2003; Seaman, 2006). 
These techniques rely on having information about the flow of attached particles into and 
out of the froth to determine froth recovery.  Savassi (1998) and Savassi, et al. (1997) 
applied the technique by Falutsu & Dobby (1992) to determine the bubble load (g/L) of 
rising air bubbles and this was used along with the known aeration rate to calculate the 
mass flow of attached particles entering the froth zone.  A method was also developed to 
determine the grade of suspended particles (not attached to bubbles).  A series of mass 
conservation equations was then applied and when solved simultaneously enabled the 
flow of attached particles in and out of the froth to be determined, and hence froth recovery 
could be determined.  Collecting a pulp sample of the attached material using the 
technique by Savassi, et al. (1997) and Falutsu & Dobby 1992 was however time 
consuming and for low grade applications the bubble load was very low and extended 
collection times were required.  To this extent Alexander (2006) and Alexander, et 
al. (2003) revisited the technique and instead of using the sampling funnel from Savassi, et 
48 
 
al. 1997 to collect attached material a sample of the pulp just below the pulp-froth interface 
was collected using the JKMRC air hold-up probe.  This sample contains both attached 
and entrained material and the grade of the latter was assumed to be the grade of the 
material in the tail from a flotation cell.  The grade of the attached material was determined 
by either lightly sampling the top of the flotation froth or by re-floating a concentrate 
sample at a very deep froth depth for a short period.  The gas hold-up in the pulp sample 
was used to determine the bubble load (g/L) of attached particles and by using a series of 
mass balance equations, one over the overall cell (feed, concentrate and tails) and a 
second over the froth phase it was possible to determine the froth recovery of attached 
material into the concentrate. 
Extensions of these methods to incorporate size-by-size and liberation data (Seaman, 
2006; Welsby, 2009; Rahman, et al., 2013) produced evidence of the selective nature of 
the froth and identified that the froth produces a greater barrier for recovery towards 
coarse and composite particles.  This is still a subject about which very little data has been 
published in the literature but some information about the impact of particle composition 
has been presented by Welsby (2009) who demonstrated the sensitivity of the froth 
recovery of composite particles to size, composition and collector addition.  A new model 
structure for the flotation rate constant was also proposed that considers the fact that the 
pulp and froth zones do not operate independently and that their efficiencies influence one 
another. 
Because froth recovery measurements are labour intensive it is not possible to have these 
measurements for all the cells for most plant surveys.  Where possible, measurements are 
performed on selected cells to gauge the performance of the froth.  For the remainder of 
the cells a froth recovery factor is back-fitted using survey data and by applying 
equation (19).  The need to fit froth recovery factors for most or all cells within a circuit 
however means that the standard survey data collected (mass flow rates and component 
assays in streams) are not sufficient to determine these values along with the empirically 
derived flotation rate constants or floatabilities.  Additional data points are required to 
sufficiently constraint the model parameters during model fitting.  In some cases it is not 
possible to consider the pulp and froth zones as separate, either due to insufficient 
measurements or resources to do so, and an approach to modelling is taken by 
considering the overall flotation rate constant instead (Runge, 2007).  This simplification is 
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very useful to understand the overall true flotation behaviour of components and can within 
limits be used to model changes to circuits. 
The froth phase behaviour of composite particles is therefore still very much dependent on 
the direct measurement of their recovery in the froth phase as no models have yet been 
presented that provide a means of incorporating the observed effects of particle 
composition on froth recovery. 
2.6.2. Estimating mineral entrainment and water recovery 
To estimate the degree of entrainment or flow of entrained solids to the concentrate many 
models have been proposed and a thorough review of the entrainment modelling literature 
has been published by Wang, et al. (2015).  In flotation the recovery of particles through 
entrainment is assumed to be non-selective with respect to the hydrophobic or hydrophilic 
nature of the particle surfaces but is selective based on other particle attributes of which 
size and density are the most notable and have been considered during entrainment 
model development (see Wang, et al. (2015) for a detailed review of entrainment 
modelling). 
A frequently applied method by which entrainment is accounted for in industrial circuits is 
by relating gangue mineral recovery to water recovery through the degree of entrainment 
(ENTi).  Savassi (1998) investigated the degree of entrainment of gangue minerals to the 
concentrate for various conventional industrial cells and noted that the data could be 
described appropriately through the following relationship: 
𝐸𝑁𝑇𝑖 =
2
exp (2.292 ∙ (
𝑑
𝜁)
𝑎𝑑𝑗
) + exp (−2.292 ∙ (
𝑑
𝜁)
𝑎𝑑𝑗
)
 
(22) 
𝑎𝑑𝑗 = 1 −
ln (1/𝛿)
exp (𝑑/𝜁)
 (23) 
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With: 
d = particle size 
  𝜁 = particle size at which ENTi = 0.2 (20%) 
𝛿 = drainage parameter 
The model proposed by Savassi (1998) is useful if the measured degree of entrainment for 
a particular size class is not expected to change.  Under these conditions the model can 
be used to account for recovery via entrainment with a change in the feed size distribution.  
The model however only takes into account the impact of particle size and Zheng, et 
al. (2005; 2006) demonstrated operating factors such as impeller speed, froth height and 
gas rate to also influence the degree to which gangue reports to the concentrate.  Difficulty 
in representing ENTi as a function of operating conditions was overcome by Amelunxen & 
Amelunxen (2009a) by applying a modified Swebrec function that empirically accounts for 
changes to the Savassi parameters (equations (22) and (23)) due to changes in operating 
conditions.  A more mechanistic approach to modelling the degree of entrainment is under 
development by Wang and his co-workers (Wang, et al., 2015; Wang, et al., 2016a; Wang, 
et al., 2016b). 
The flow of water to the concentrate is the second aspect needed to account for the non-
selective recovery of minerals using equation (19), and it is also used to determine the 
volumetric flow rate of the streams and therefore cell residence times.  For modelling 
under measured conditions such as a plant survey a simplification to determining water 
recovery may be to keep concentrate solids concentrations constant (at those values 
measured during a survey) from which water flow and therefore water recovery may be 
calculated.  For the same scenario a constant water recovery for each cell may also be 
assumed at the values obtained from the plant survey data.  Both of these will provide 
measured water recovery input parameters to equation (19) from which the overall 
recovery of components can be determined (Runge, et al., 1998; Dobby & Savassi, 2005). 
Based on the operational parameters of the flotation circuit as a whole and the individual 
flotation cells there may also a correlation between the flow of solids and the flow of water 
through the following empirical relationship (Runge, et al., 1998): 
𝑄𝑤 = 𝑎 ∙ 𝑄𝑠
𝑏 (24) 
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With: 
Qw = volumetric flow of water in concentrate 
  Qs = volumetric flow of solids in concentrate 
a,b  = empirically derived parameters for a circuit or section 
If a fixed or known percent solids is desired in the concentrate, as discussed earlier, then 
the value of b is set to one and the value of a may be determined as: 
𝑎 =
100 −% 𝑠𝑜𝑙𝑖𝑑𝑠 𝑜𝑓 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒
% 𝑠𝑜𝑙𝑖𝑑𝑠 𝑜𝑓 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒
 (25) 
SUPASIM (Hay, 2005; Hay & Rule, 2003) applies a calibrated relationship between 
aeration rate and water recovery which can be different for different ores.  By adjusting the 
air to the cell a response in the water recovery is obtained that affects concentrate mass 
flow and therefore concentrate grade. 
Water recovery is however a very strong function of key operational factors such as froth 
height, gas flow rate and impeller speed as well as particle density (Wang, et al., 2016b; 
Zheng, et al., 2006) and the empirical relationship in equation (24) is only valid under a 
narrow range of operational conditions. 
2.6.3. Estimating pulp phase flotation rate constants 
The recovery equation for the batch flotation test proposed by Garcia-Zungina (1935) (see 
equation (14)) assumes that the process can be described by a single rate constant.  By 
transforming the equation through logarithmic rules the rate constant is determined by 
plotting ln (1 −
𝑅
100
) versus time.  The slope of the straight line yields the negative value of 
the rate constant. 
In practice however there are very few cases where this technique yields a straight line 
and Figure 14 show examples to demonstrate this.  For the four examples presented only 
one (Du Plessis, 2003) shows evidence of a single rate constant whereas the others 
demonstrate that as time progressed, the rate of recovery decreased because the slope of 
the lines decreased.  In the case of Du Plessis (2003), the experiments were conducted on 
fully liberated pyrite in a Hallimond tube flotation device, and the mineral particles were of 
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a narrow size distribution.  The others are data from laboratory flotation tests conducted on 
real ore samples having wide size distributions and variations in mineral liberation and 
particle composition distributions. 
 
 
Figure 14  Transformed laboratory flotation test recovery versus time plots 
demonstrating a deviation from the assumption that a single first order rate 
constant can be used to model recovery behaviour. 
 
This is a well-known phenomenon in froth flotation where particles containing for example 
copper minerals will have a distribution of rate constants rather than a single discrete rate 
constant.  Kelsall (1961) presented a batch test recovery equation that recognises this by 
allowing for more than one rate constant to be included, although they were discrete and 
not a continuous distribution.  Other approaches have also been applied to represent this 
phenomenon through distribution functions.  Some key examples of these are the 
rectangular distribution (Huber-Panu, et al., 1976), the triangular distribution (Harris & 
Chakravarti, 1970), the normal distribution (Chander & Polat, 1994) and the k-distribution 
(Dobby & Savassi, 2005). 
For industrial flotation circuits the same is true (Harris, et al., 2002; Runge, 2007; Hay & 
Rule, 2003; Hay, 2005; Ralston, et al., 2007) and when all other influential factors are kept 
constant this is caused by a distribution of particle sizes and mineralogical features 
(Imaizumi & Inoue, 1963; Sutherland, 1989; Vianna, 2004).  
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There are in principle two ways by which an approximation of the rate constants of 
components may be made for industrial circuit simulations and these are reviewed and 
discussed next. 
2.6.3.1. Empirically derived floatability parameters or flotation rate constants 
This approach has a very strong dependence on the availability of adequate plant survey 
data needed to estimate the parameters in equation (19), for every cell as appropriate.  
From a mass balance, the degrees of entrainment (𝐸𝑁𝑇𝑖), water recoveries (𝑅𝑤) and 
residence times (𝜏) on a cell by cell basis are determined and applied in equation (19) for 
modelling a flotation circuit under measured conditions.  The empiricism relates to two 
aspects namely: (i) the pulp phase floatability parameters (𝑃𝑖  𝑖𝑛 𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (19)) and their 
mass distributions (mi) in the circuit feed and (ii) froth recovery (𝑅𝑓) of the cells within a 
circuit, if the latter could not be measured or predicted (see section 2.6.1). 
In doing so it is assumed (Runge, 2007; Harris, et al., 2002) that the minerals in the circuit 
feed can be modelled independently and that for each mineral the quantity in the feed can 
be described as having discrete Floatability Components.  Each component represents a 
group of particles with the same propensity to be recovered to a concentrate and their 
mass flows are tracked individually throughout a circuit during modelling and simulation.  
In addition, the fitted floatability parameter (𝑃𝑖) for a Floatability Component class is 
assumed to be an ore characteristic that remains constant throughout the circuit if  the 
particle surfaces are not altered (such as regrind or staged reagent additions) which will 
alter their floatabilities.  This means that (𝑃𝑖) in equation (19) is a constant throughout the 
circuit and that Sb takes account of the effects of gas rate and bubble size on the pulp 
phase rate constant.  If for some reason no information is available about the 
hydrodynamics (Sb) or froth phase performance (Rf) of the cells a rate constant (kc) can be 
used to represent the floatability of the feed but a scale-up number (C) is still required for 
each cell to account for differences in hydrodynamic conditions and froth phase 
performance. 
As straightforward as this may sound initially the task is complicated by the fact that each 
industrial flotation cell will most likely operate under different conditions such as gas rate 
and froth depth, causing them all to have different hydrodynamic conditions and froth 
phase efficiencies, and therefore different scale-up numbers.  If one is to back-calculate a 
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set of feed floatability parameters as well as scale-up numbers for every cell the solution 
may not be unique and the derived parameters will not be robust for circuit simulations. 
This approach and its accompanied assumptions were investigated meticulously by 
Runge (2007) who showed that with adequate constraints in place, each mineral may be 
represented by floating components and a non-floating component.  The number of 
floating components for each mineral depends on its flotation behaviour and is affected by 
factors such as its liberation characteristics and size distribution.  If the liberation and 
association is more complex, additional components are required to adequately describe 
the complete flotation response of a mineral.  For three components for example (fast, 
slow and non-floating) it is required to determine four feed Floatability Component 
parameters.  The first two relate to the fast component and are its floatability and mass 
fractions, Pfast and mfast, respectively.  The third and fourth relate to the same parameters 
but for the slow floating component, Pslow and mslow.  By definition the floatability of the 
non-floating component is zero and its mass fraction is calculated from a mass balance as: 
𝑚𝑛𝑜𝑛−𝑓𝑙𝑜𝑎𝑡 = 1 −𝑚𝑓𝑎𝑠𝑡 −𝑚𝑠𝑙𝑜𝑤 (26) 
In relation to the requirements for constant floatabilities: by using a technique called nodal 
analysis Runge (2007) demonstrated this to be true as well by conducting laboratory 
flotation tests on feed, concentrate and tail streams from various industrial units, under the 
same laboratory operating conditions.  During these laboratory tests the assumption of 
constant floatability for each component may be tested because all test conditions 
remained unchanged.  The rate of froth removal was also frequent to minimise the impact 
of the froth (Rf approximately 100%) on the flotation process.  The batch flotation test 
kinetic response of the concentrate and tail samples from a unit was then used to calculate 
the batch test kinetic response of the feed to that unit as follows (Runge, 2007): 
𝑅𝑓𝑒𝑒𝑑,𝑡𝑖𝑚𝑒 𝑖 =
𝐹𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒 ∙ 𝑅𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒,𝑡𝑖𝑚𝑒 𝑖 + 𝐹𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑡𝑎𝑖𝑙𝑠 ∙ 𝑅𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑡𝑎𝑖𝑙𝑠,𝑡𝑖𝑚𝑒 𝑖
𝐹𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒 + 𝐹𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑡𝑎𝑖𝑙𝑠
 (27) 
In the above equation the following are defined: 
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𝑅𝑓𝑒𝑒𝑑,𝑡𝑖𝑚𝑒 𝑖 : estimated cumulative batch test recovery of mineral j 
 after i minutes. 
𝐹𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒(𝑜𝑟 𝑡𝑎𝑖𝑙) : mass flow of mineral j in concentrate (or tail) stream, 
 from a circuit mass balance. 
𝑅𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑗
𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑒 (𝑜𝑟 𝑡𝑎𝑖𝑙),𝑡𝑖𝑚𝑒 𝑖
 : cumulative recovery of mineral j in concentrate (or tail) 
 from batch test after i minutes. 
An example of such an analysis by Runge (2007) on streams from the Pb column unit in 
the Red Dog concentrator is given in Figure 15 and also shows the actual batch test 
recovery response versus that estimated from equation (27) for the column feed sample. 
 
 
Figure 15  Nodal analysis around a flotation unit, demonstrating the conservation 
of floatability at constant chemistry (Runge, 2007). 
 
The significance of this outcome is that it demonstrates that the assumption of constant 
floatability in the absence of chemical changes or regrind is valid and is a key component 
of the model fitting procedure to derive stable Floatability Component parameters for  the 
feed along with associated scale-up or froth parameters for each cell (Runge, 2007). 
The model fitting process (Runge, 2007) includes a series of batch flotation tests on 
selected streams within a circuit as part of the plant survey data collection activities.  The 
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batch tests now provide a measure of the distribution of Floatability Components in the 
various streams and place additional constraints on the fitted Floatability Components for 
the feed to the industrial circuit.  Because these are now constrained through additional 
measurements a unique solution for industrial circuits that include fitted froth recovery or 
scale-up numbers can be achieved (Runge, 2007).  The schematic in Figure 16 
demonstrates how discrete Floatability Components are tracked throughout a flotation 
circuit and variations to this approach are applied by flotation modellers and consultants, 
some to be discussed next. 
 
 
Figure 16  Conservation of mass using the Floatability Component approach 
(Runge, 2007; Harris, et al., 2002). 
 
By applying the Perfect Mixer model and using kinetic parameters derived from laboratory 
flotation tests, Amelunxen & Amelunxen (2009a; 2009b) determine the pulp zone recovery 
for a full-scale cell using equation (15).  The recovery by true flotation (Rtrue) is then 
calculated as: 
𝑅𝑡𝑟𝑢𝑒 =
R𝐶 ∙ 𝑅𝑓
𝑅𝐶 ∙ 𝑅𝑓 + 1 − 𝑅𝐶
∙ 𝑅∞ (28) 
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Equation (28) takes into account the effect of the froth phase (Rf), with R the ultimate 
recovery achievable and Rc the pulp zone recovery obtained using equation (15).  To 
calculate the overall plant cell recovery (Rtot), entrainment is incorporated (Re) using the 
approach by Savassi (1998) in that recovery by entrainment is proportional to water 
recovery.  The overall plant cell recovery is then determined as: 
𝑅𝑡𝑜𝑡 = 𝑅𝑡𝑟𝑢𝑒 + (1 − 𝑅𝑡𝑟𝑢𝑒) ∙ 𝑅𝑒 ∙ 𝑅𝑓 (29) 
Eurus Mineral Consultants (EMC) has developed a flotation simulation program called 
SUPASIM, which has its origin in the 1980s.  It was purposely developed back then for the 
design and simulation of the Northam Platinum concentrator and to date has been applied 
to simulate numerous flotation plants treating a variety of ores (Hay & Rule, 2003). 
The development of SUPASIM and the accompanying modelling and simulation 
methodology was based on the premise that it should be easy to apply and that the input 
data to the simulator should be readily available.  The result was a simulation program that 
takes the kinetic data extracted from laboratory kinetic tests along with the information on 
plant feed rate, circuit design and operational factors (Hay & Rule, 2003) to provide 
realistic predictions of full scale operational performance. 
Operating conditions and scale-up are addressed as follows: 
Aeration, solids recovery and water recovery 
Air addition rates affect the concentrate mass flow as well as the water recovery and 
hence concentrate density.  This is taken into account through a calibration curve relating 
air addition rate (proxy for concentrate mass flow) to water recovery.  Depending on the 
ore being treated, the calibration curves differ, depending on the froth mass pull. 
Scale-up 
The factors for scaling the laboratory rate parameters to those of the industrial cells were 
determined from many tests and case studies on a variety of ores (Hay & Rule, 2003; Hay, 
2005).  It was found that these scale-up factors were very similar in all cases, and 
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independent of the ore type.  A heuristic approach has therefore been developed with 
regards to scale-up from experience and a large database of plant and laboratory data. 
SUPASIM uses only 14 variables to account for more than 90% of the flotation response.  
They are (Hay, 2005): 
 Three rate parameters describing the kinetics of each valuable component. 
 Three rate parameters describing the kinetics of the gangue component. 
 Two variables describing the empirical relationship between air rate and water 
recovery. 
 Six scale-up factors, one for each of the abovementioned rate parameters. 
The approach developed by SGS describes the kinetics of true flotation for the minerals by 
using a frequency distribution (Dobby & Savassi, 2005).  The k-distribution for each 
mineral is fitted using three parameters namely: 
 Rmax  : the maximum attainable recovery for a mineral 
 Kave  : mass weighted average rate constant and includes the  
    non-floating fractions 
 Alpha  : a measure of the spread of the rate parameters 
Each class in the distribution curve thus consists of particles of different sizes and 
liberation, but having the same rate constant.  The k-distribution is then applied during 
simulations to determine the mass proportion in each rate class and this information is 
then propagated throughout the circuit by applying appropriate froth recovery, water 
recovery and entrainment parameters for the industrial cells. 
The impact of regrind or chemical addition on the parameters for the k-distribution of a 
specific stream can be incorporated through a modifier.  During simulations, the modifier 
will adjust the rate distribution if test work shows that a significant change in the rate 
distribution has taken place as a result of regrind or chemical addition.  The impact of grind 
size on flotation performance is simulated by applying the approach presented by Bazin, et 
al. (1994).  This assumes that the recovery for each size class is independent of the feed 
size distribution and that the change in the distribution of the size classes is what is 
affecting recovery.  When applied within reasonable limits the method has been shown to 
be acceptable (McIvor & Finch, 1991; Runge, et al., 2007; Wightman, et al., 2010). 
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By applying the Floatability Component approach Vianna (2004) and Welsby (2009) 
showed that it is possible to derive empirical parameters for the various liberation classes 
of a mineral (galena) and confirmed the strong dependence of flotation response on 
particle composition as demonstrated by Imaizumi & Inoue (1963) and Sutherland (1989).  
In the Floatability Components there is however no direct calculation or estimation of the 
flotation response of particles or particle classes based on their characteristics. 
2.6.3.2. Property-based modelling 
The work reported by Sutherland (1989) presents in great detail the differences in the 
laboratory flotation behaviour of unreagentised chalcopyrite-bearing composite particles, 
by size, as a result of chalcopyrite liberation and overall particle composition.  Although the 
general trend was consistent by size (that is, an increase in the rate of chalcopyrite 
recovery as its liberation increased), there were substantial differences in the rate of 
chalcopyrite flotation for particles having similar overall chalcopyrite liberation 
characteristics, but different minerals associated with chalcopyrite in the particles.  
Figure 17 demonstrates this for the -38+32 m size fraction. 
For this particular case it was found that chalcopyrite in composite (locked) with other 
copper-bearing minerals recovered at a greater rate than those containing chalcopyrite 
and for example non-floating gangue.  The latter again recovered faster than chalcopyrite-
pyrite composites.  Apart from the liberation of chalcopyrite, potential galvanic interactions 
are contributing factors (Ekmekci & Demirel, 1997), as pyrite is known to adversely affect 
chalcopyrite flotation, and demonstrates the importance of knowing the true nature of 
mineral particles, particularly when sulfides of varying degrees of reactivity are present.  
This phenomenon has subsequently been reported by numerous authors and for different 
sulfide mineral systems (Bozkurt, et al., 1998; Nakazawa & Iwasaki, 1986; Trahar, et al., 
1994; Yelloji & Natarajan, 1989; Yelloji & Natarajan, 1990; Lamberg, 2011). 
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Figure 17  Variation in Chalcopyrite recovery rate with liberation and mineral 
association (Sutherland, 1989) for the -38+32 m size class (left) and 60-90% 
liberation class (right) for the same size class. 
 
With well-established particle-based characterisation techniques such as the MLA or 
QEMScan now in wide use there have been significant attempts to predict the flotation 
behaviour of mineral particles from their physical attributes, primarily liberation and particle 
composition and relies on the knowledge of the flotation behaviour of the liberated mineral 
components in the feed, be they hydrophobic or hydrophilic.  The sub-sections that follow 
discuss ways in which property-based modelling has been applied to determine flotation 
behaviours of ores at laboratory and industrial scale. 
2.6.3.2.1. Particle composition model 
Luitjens (2006) proposed a particle kinetic model in which the flotation rate constant for a 
given particle is determined as a function of the flotation rate constants of the various 
minerals at the particle surface.  Figure 18 demonstrates the basic principle to this 
approach and how it is used to calculate the flotation rate constant for a particle of known 
surface mineralogy. 
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Figure 18  Proposed surface composition model for the estimation of particle 
flotation rates (Luitjens, 2006). 
 
The particle surface in Figure 18 consists of three different mineral grains (A, B and C) of 
which the liberated components for each have their own flotation rate constants (kA, kB and 
kC).  By applying the characteristic surface expression (Li in this cased) for each mineral 
the estimated rate constant of the particle is given by: 
𝑘𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 =
𝐿𝐴 ∙ 𝑘𝐴 + 𝐿𝐵 ∙ 𝑘𝐵 + 𝐿𝐶 ∙ 𝑘𝐶
𝐿𝐴 + 𝐿𝐵 + 𝐿𝐶
 (30) 
This approach was adapted by Evans (2010) for copper porphyry ores to predict the batch 
flotation response of various samples by firstly measuring the response of fully liberated 
(estimated through particle sections) chalcopyrite grains.  Predictions were successful for 
samples containing predominantly liberated chalcopyrite with no other floating sulfides.  
When the same approach was applied to samples comprising significantly higher 
proportions of pyrite difficulty was encountered.  It was acknowledged that galvanic 
interactions between chalcopyrite and pyrite could potentially influenced the observed rate 
constants of “pure” chalcopyrite and as such should be considered for more accurate 
predictions. 
Ford, et al. (2011) applied a similar approach for Platinum Group Minerals (PGMs) by 
determining a relative rate constant (kp) for each particle.  This rate constant is determined 
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by summing the products of the free perimeter (Fp) and mineral flotation factor (Mf), for 
each exposed mineral grain per particle: 
𝑘𝑝 =∑𝑀𝑓𝑛 ∙ 𝐹𝑝𝑛
𝑚
𝑛=1
 (31) 
Mf-factors were assigned to each mineral on a relative basis, meaning that those minerals 
which were considered to be fast floating were given Mf-factors close to unity, and non-
floating minerals were assigned Mf-factors close to zero.  Whereas the method by 
Luitjens (2006) and Evans (2010) used the calculated rate constants to directly determine 
flotation recovery, Ford, et al. (2011) applied the relative rate constants to determine the 
probability of a particle reporting to the concentrate (F(t)), with the time factor in this 
instance dimensionless: 
𝐹(𝑡) = 1 − 𝑒−𝑘𝑝∙𝑡 (32) 
This produces a series of probabilities for each particle as a function of the dimensionless 
time scale and particles for which the probability reaches 80% at a specific time are 
assumed to be recovered to the concentrate at that time.  A modelled grade-recovery 
graph was constructed for PGM bearing particles and this was used to successfully 
examine the effect of mineralogical variations and grain size on the recovery of PGMs.  
Recognising the well-established influence of pyrrhotite on the flotation behaviour of 
pentlandite (Bozkurt, et al., 1998), Ford, et al. (2011) approximated the flotation factor of 
pentlandite as a function of the ratio of these two minerals in a particle. 
A different approach to the surface composition approach discussed above was also 
shown to be effective for PGM bearing material (Bushell, 2012).  Here, knowledge of the 
flotation response of PGM bearing particles based on their size and mode of occurrence 
was gained through a database of laboratory flotation tests for which mineralogical data 
was also available.  A systematic classification of each particle containing PGMs was done 
based on their mode of occurrence, liberation and size.  The approach is summarised in 
Figure 19.  By benchmarking the features of the PGM bearing particles in the timed 
concentrates from physical laboratory flotation tests, the information was used along with 
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the algorithm in Figure 19 to classify these particles to the concentrates at specific flotation 
times (see Figure 20). 
 
 
Figure 19  Systematic classification of PGM bearing particles according to Bushell 
(2012). 
 
 
Figure 20  Batch flotation recovery predictions for PGM ores using the method by 
Bushell (2012). 
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The approach by Luitjens (2006) and Evans (2010) was shown to be sufficient for ores that 
are simple in terms of sulfide mineral composition.  For more complex ores, the approach 
presented by Ford, et al. (2011), in which consideration is given to both the mineral type as 
well as potential interactions between sulfide minerals, may be seen as an improvement 
that allows for more accurate performance estimations for a larger variety of ore types.  
The method by Bushell (2012) has been shown to be able to accurately predict the 
flotation response of samples having widely different flotation performances.  This is 
because the prediction is based on knowledge gained from a database of flotation tests for 
which mineralogical data is also available.  A detailed understanding of the flotation 
recovery of different PGM bearing particles was developed over many tests and used to 
calibrate an empirical model or algorithm for their recovery. 
It is also noted that these techniques do not take into account the ore texture when 
estimating the flotation response of particles.  Although texture affects the liberation of for 
example target minerals, and this is taken into account, the impact of the spatial 
arrangement of grains within a given liberation class is not accounted for and this is the 
main topic of this thesis. 
2.6.3.2.2. Predicting flotation rate constants from fundamental equations 
Fundamental approaches to predict the pulp phase flotation rate constant of mineral 
particles have progressed significantly and in the literature a number of cases have been 
demonstrated for both laboratory cells (Yoon, et al., 2012; Pyke, 2004) and full scale 
circuits (Grano, 2006; Ralston, et al., 2007).  One of the significant advantages of these 
models for calculating the pulp phase rate constant, over the empirically derived 
parameters, is that the influence of energy dissipation or turbulence is also taken into 
account.  This is a significant factor in scaling-up rate information from laboratory tests to 
full scale cells (Newell & Grano, 2007a; Newell & Grano, 2007b; Yianatos, et al., 2010; 
Tabosa, 2012) and to interpret and optimise the classical size behaviour observed for ores 
(Amini, 2012; Ralston, et al., 2007; Grano, 2006). 
The recovery of attached particles to the concentrate is a complex process and 
Rao (2004a) summarised the three important criteria that underpin the fundamental sub-
processes and how they relate the flotation kinetics to the micro-processes of collision, 
attachment and detachment.  The criteria are: 
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 Successful collision must take place between a particle and bubble surface. 
 The thin liquid film separating the particle and bubble must rupture to enable 
attachment to take place. 
 Once attached, the strength or stability of the aggregate must be sufficient to withstand 
the shearing forces imparted on it while it travels towards the pulp phase. 
Each of the micro-processes will have its own controlling factors and include properties of 
the ore or particles, the operating conditions of the cell in which they are being recovered 
and the state of the particle surfaces after reagent conditioning. 
Theoretical equations have been developed by a number of researchers (Luttrell & Yoon, 
1992; Ralston & Dukhin, 1999; Sutherland, 1948; Reay & Ratcliff, 1973; Nguyen, 1998; 
Yoon & Mao, 1996; Nguyen, 2003; Sherrell, 2004; Nguyen & Nguyen, 2006; Weber & 
Paddock, 1983) to predict the micro-processes of collision, attachment and detachment 
known to affect flotation (Derjaguin & Dukhin, 1993).  In principle, the rate of particle 
removal via bubble attachment is dependent on the collision frequency (Zpb) as well as the 
efficiency (Ecoll) of the collection process (Jameson, et al., 1977; Duan, et al., 2003). 
Although the micro-processes of collision, attachment and detachment have been studied 
in great detail there are only a number of instances where they have been combined to 
predict flotation rate constants under turbulent conditions. 
2.6.3.2.2.1. Determining the flotation rates of mineral particles 
From the literature it is established that two model definitions are used to predict flotation 
rate constants from knowledge of the underlying micro-processes.  The first applies 
equations that account for turbulent flow characteristics and hydrodynamic forces (Pyke, et 
al., 2003; Pyke, 2004; Duan, et al., 2003; Ralston, et al., 2007; Grano, 2006).  The second 
(Yoon & Mao, 1996; Sherrell, 2004; Yoon, et al., 2012) presents an approach where 
surface forces are used to determine the micro-processes of attachment and detachment 
and a brief description of the mathematical construction of each model is presented next. 
 Turbulent flow and hydrodynamic forces model 
As mentioned earlier (section 2.3.2) Jameson, et al. (1977) were the first link the pulp 
phase flotation rate constant to cell operating conditions and the micro-processes of 
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collision (EC), attachment (EA) and detachment or stability (ES).  Their approach did not 
however consider turbulent flow conditions and Pyke, et al. (2003), Pyke (2004) and Duan, 
et al. (2003) addressed this deficiency during the development of the General Flotation 
Model (GFM) which includes the influence of turbulence in multi-particle and bubble 
systems but maintains the use of existing micro-process efficiency models developed from 
single particle-bubble experiments.  The general form of the model is: 
𝑘 =
7.5
𝜋
∙
𝐺𝑓𝑟
𝑑𝑏 ∙ 𝑉𝑟
∙ [
𝟎. 𝟑𝟑 ∙ 𝜺𝟒/𝟗 ∙ 𝒅𝒃
𝟕/𝟗
𝝂𝟏/𝟑
∙ (
𝝆𝒑 − 𝝆𝒇
𝝆𝒇
)
𝟐/𝟑
∙
𝟏
𝒖𝒊
] ∙ 𝐸𝐶 ∙ 𝐸𝐴 ∙ 𝐸𝑆 (33) 
In the above equation the following terms are defined: 
Gfr   : gas flow rate 
db   : bubble diameter 
Vr   : cell volume 
𝜀   : turbulence energy dissipation rate 
𝜐   : kinematic viscosity 
𝜌p and 𝜌f  : particle and fluid density respectively 
ui   : bubble rise velocity 
The resemblance to equation (2) is very clear and the inclusion of the terms in red 
accounts for the influence of turbulence on the number of particle-bubble collisions per unit 
volume per unit time and has been derived using the Abrahamson (1975) collision 
frequency model and includes the Schubert (1999) approximation for the bubble-particle 
velocity fluctuations (1/ui) (Pyke, 2004).  The GFM incorporates the Generalised 
Sutherland Equation (GSE) to determine particle-bubble collision efficiencies (EC-GSE) of 
which the mathematical expression is presented as (Pyke, 2004): 
𝐄𝐂−𝐆𝐒𝐄 = 𝐄𝐂−𝐒𝐔 ∙ 𝐬𝐢𝐧
𝟐𝛉𝐭
∙ 𝐞𝐱𝐩 [𝟑 ∙ 𝐊𝟑 ∙ 𝐜𝐨𝐬𝛉𝐭 ∙ (𝐥𝐧
𝟑
𝐄𝐂−𝐒𝐔
− 𝟏. 𝟖) −
𝟗 ∙ 𝐊𝟑 ∙ (
𝟐
𝟑 +
𝐜𝐨𝐬𝟑𝛉𝐭
𝟑 − 𝐜𝐨𝐬𝛉𝐭)
𝟐 ∙ 𝐄𝐂−𝐒𝐔 ∙ 𝐬𝐢𝐧𝟐𝛉𝐭
] (34) 
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The parameters in equation (34) (K3, EC-SU) are functions of bubble and particle size, 
particle and slurry density, and pulp viscosity only.  The angle (𝜃t) is the maximum collision 
angle and is a function of EC-SU and K3.  Particle hydrophobicity therefore does not affect 
the efficiency of particle-bubble collisions. 
To determine the attachment efficiency of a particle to an air bubble the attachment 
efficiency model developed by Dobby & Finch (1987) is applied and this is expressed as: 
𝐸𝐴−𝐷𝐹 =
𝑠𝑖𝑛2𝜃𝑎
𝑠𝑖𝑛2𝜃𝑐
 (35) 
The collision angle (𝜃a) represents the specific angle at which, when the particle and 
bubble collide, the particle sliding time is equal to the induction time.  The maximum 
attainable collision angle is represented by 𝜃c.  The specific collision angle (𝜃a) is a 
function of particle and bubble velocity, their sizes as well as particle induction time where 
the latter refers to the time required for the thin liquid film between a particle and bubble to 
reach a critical thickness and rupture.  If the contact time between a particle and a bubble 
is greater than the induction time attachment will take place.  Because the spontaneous 
rupture of the thin liquid film is influenced by the presence of collector molecules on the 
particle surface (Yoon & Yordan, 1991; Mahnke, et al., 1999; Manev & Pugh, 1991; Manev 
& Pugh, 1992) as well as the presence of frother molecules at the bubble surface (Wang & 
Yoon, 2004; Wang & Yoon, 2006; Exerowa, et al., 1979; Pugh, 2005) these directly impact 
the specific collision angle (𝜃a).  Consequently, the attachment efficiency between particles 
and bubbles is affected by their respective hydrophobicities. 
Pyke and co-workers (Pyke, et al., 2003; Pyke, 2004) applied the ratio of the attachment 
force and detachment force between a particle and a bubble to determine the efficiency of 
aggregate stability (ES).  This is expressed in the form of a Bond number (Bo) and has the 
following expression: 
𝐸𝑆 = 1 − 𝑒𝑥𝑝 (1 −
1
𝐵𝑜
) (36) 
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The Bond number is presented as being a function of particle and bubble size, particle and 
slurry density, gravitational force (g), liquid surface tension (), particle contact angle and 
the angle at which the maximum attachment force occurs ().  The latter is also influenced 
by the particle contact angle and as such ES is influenced by particle hydrophobicity as 
measured through particle contact angle. 
It is clear from the analysis of the General Flotation Model (Pyke, 2004) that particle 
hydrophobicity plays a very important role in determining both the attachment efficiency as 
well as the stability of the particle-bubble aggregate and this will be influenced by the 
liberation characteristics of the hydrophobic mineral. 
 Surface forces model 
The basis for the development of the flotation rate constant equation by Yoon & 
Mao (1996) was to consider a single air bubble rising through a suspension of particle in a 
cylindrical column.  The amount of particles being collected by the bubble in the time it 
rises can then be expressed as the product of the swept volume of the bubble, the number 
density of the particles in suspension and the fraction of particles in the path of the bubble 
that is being collected.  The change in the number of particles with time is then estimated 
by multiplying the number of particles collected by one bubble with the number of bubbles 
passing through the column per unit time as follow: 
𝑑𝑁
𝑑𝑡
= −(
3 ∙ 𝑃𝐶𝑜𝑙𝑙
4 ∙ 𝑅2
∙ 𝑉𝑔) ∙ 𝑁 = −𝑘 ∙ 𝑁 (37) 
 
In equation (37), PColl represents the probability of collection, Vg the superficial gas rate 
and k the pulp zone flotation rate constant.  When accounting for the bubble surface-area 
flux (equation (4)) the rate constant in equation (37) can be re-written as: 
𝑘 =
1
4
∙ 𝑆𝑏 ∙ 𝑃𝐶𝑜𝑙𝑙 (38) 
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It is also possible to expand PColl based on the probability function by Sutherland (1948) 
(see equation (1)). 
An expression for the collision probability (PC) was developed by considering a quiescent 
particle suspension in which the liquid will form infinite streamlines around a rising air 
bubble and where the streamlines can be represented mathematically by a stream 
function.  An assumption is that the particles are without inertia and therefore will follow the 
flow of the streamlines around the bubbles.  If the streamlines are known the path of the 
particles is known and by considering the path of a particle a critical streamline is defined 
that represents the trajectory of a particle which grazes off the bubble at the equator (α = 
/2) as depicted below. 
 
 
Figure 21  A grazing streamline of a particle (R1) approaching a bubble (R2) (Yoon 
& Mao, 1996). 
 
The implication is that only particles at a distance of equal to or less than the critical radius 
(rC) will collide with the bubble from which the probability of collision may be defined as: 
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𝑃𝐶 = (
𝑟𝐶
𝑅1 + 𝑅2
)
2
 (39) 
R1 and R2 represent the particle and bubble radii respectively.  The stream function may 
then be applied to derive an expression for the critical radius of collision to be applied to 
determine the probability of collision (Luttrell & Yoon, 1992; Yoon & Mao, 1996) as: 
𝑃𝐶 = [
3
2
+
4 ∙ 𝑅𝑒0.72
15
] ∙ (
𝑅1
𝑅2
)
2
 (40) 
Do (2010) then modified this expression to ensure PC < 1. 
𝑃𝐶 = 𝑡𝑎𝑛ℎ
2
(
 
 
√
3
2
∙ (1 +
3
16 ∙ 𝑅𝑒
1 + 0.249 ∙ 𝑅𝑒0.56
) ∙ (
𝑑1
𝑑2
)
)
 
 
 (41) 
To determine the expression for the probability of attachment (PA), Yoon & Mao (1996) 
incorporated the particle-bubble interaction energies by considering the extended 
Derjaguin, Landau, Verwey and Overbeek (extended DLVO) theory which includes 
hydration and hydrophobic interactions.  In this approach, when two hydrophobic objects 
approach one another the total interaction force (VT) between them is the sum of three 
primary forces namely: i) electrical double-layer force, ii) Van der Waals dispersion and iii) 
hydrophobic or hydration force (Rabinovich, et al., 1982; Rabinovich & Derjaguin, 1988; 
Wang & Yoon, 2004; Wang & Yoon, 2006).  In flotation both the bubbles and mineral 
particles consist of primarily of negative surface charges (Manev & Pugh, 1991; Manev & 
Pugh, 1992; Yoon & Mao, 1996; Wang & Yoon, 2004; Wang & Yoon, 2006) and the 
overlap of the electrical double-layers result in repulsive forces (VE).  The dispersion 
component (VD) is a result of fluctuating electro-magnetic dipoles at the particle and 
bubble surfaces and is indicated to be predominantly repulsive (Yoon & Mao, 1996).  The 
third force is attractive due to the hydrophobic interactions between the particle and the 
bubble surfaces (VH). 
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The resulting total interaction force (V = VE + VD + VH) is a strong function of the 
separation distance between the bubble and the particle and it reaches a maximum (E1) at 
a critical separation distance or critical rupture thickness (HC).  The magnitude of E1 is 
associated with the minimum kinetic energy a particle must apply to ensure thin film 
rupture and formation of a three-phase contact line (Yoon & Mao, 1996). 
 
 
Figure 22  Diagram showing the dependency of the total interaction energy (V) on 
the separation distance (H) (Yoon & Mao, 1996). 
 
Particles in a flotation cell will have a distribution of kinetic energies (Ek) due to a 
distribution in their sizes, densities and relative velocities.  As a result the probability of 
particle-bubble attachment is expressed as a probability function (Yoon & Mao, 1996): 
𝑃𝐴 = 𝑒𝑥𝑝 (
−𝐸1
𝐸𝐾
) (42) 
EK is a function of particle mass and its velocity at the critical separation distance HC.  The 
net interaction energy between the particle and the bubble (Enet) can be determined as: 
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𝐸𝑛𝑒𝑡 = 𝑊𝐴 + 𝐸1 (43) 
With WA the work of adhesion of the particle to the bubble and is expressed as (Yoon & 
Mao, 1996): 
𝑊𝐴 = 𝛾𝑙𝑣 ∙ 𝜋 ∙ 𝑅1
2 ∙ (1 − 𝑐𝑜𝑠𝜃)2 (44) 
As such any particle subjected to a kinetic energy greater than Enet will be detached from 
the bubble and similar to PA, this probability of detachment is expressed as: 
𝑃𝐷 = 𝑒𝑥𝑝(−
𝐸1 +𝑊𝐴
𝐸𝑘
′ ) (45) 
The final form of the flotation rate constant expression can then be presented as: 
𝑘 =
1
4
∙ 𝑆𝑏 ∙ [
3
2
+
4 ∙ 𝑅𝑒0.72
15
] ∙ (
𝑅1
𝑅2
)
2
∙ 𝑒𝑥𝑝 (−
𝐸1
𝐸𝑘
) ∙ {1 − 𝑒𝑥𝑝 [−
𝛾𝑙𝑣 ∙ 𝜋 ∙ 𝑅1
2 ∙ (1 − 𝑐𝑜𝑠𝜃)2 + 𝐸1
𝐸𝑘
′ ]} (46) 
Subsequent improvements on the model were made by Sherrell (2004) to account for 
turbulent flows in systems with the resultant expression for k as: 
𝑘 = 23/2 ∙ 𝜋1/2 ∙ 𝑁2 ∙ (𝑟1 + 𝑟2)
2 ∙ √𝑢1
2 + 𝑢2
2 ∙ 𝑃𝐶 ∙ 𝑃𝐴 ∙ (1 − 𝑃𝐷) ∙ 𝑃𝑓 (47) 
 
2.6.3.2.2.2. Application to composite particles 
Both the Turbulent flow and hydrodynamic forces and Surface forces modelling approach 
from first principles have as a driving force the hydrophobic surface state of the particles, 
the bubbles or both. 
The General Flotation Model presented by Pyke (2004) was applied to predict the 
observed flotation response of chalcopyrite in an industrial rougher circuit (Ralston, et al., 
2007).  A mass balance of the circuit was used to determine values for water recovery (Rw) 
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and the degree of entrainment (ENTi) according to the definition of Savassi (1998).  Froth 
recoveries were measured for a select number of cells and shown to be approximately 
95% for rougher flotation and decreased to about 50% for scavenger flotation.  Due to the 
very low recovery incrementally achieved in the scavenger sections the overall impact of 
froth recovery was assumed to be minimal and because of this the froth recovery was 
assumed to be 100% in the case of Ralston, et al. (2007). 
Detailed calculations were done for the energy dissipation within the flotation cells and 
their associated bubble rise velocities from which the pulp phase flotation rate constants 
for fully liberated chalcopyrite grains were estimated using equations (33) to (36).  The 
contact angle for the fully liberated chalcopyrite grains were assumed to be 78o which is a 
typical value for the xanthate collector used on the plant and this was supported through 
ToF-SIMS analysis of the chalcopyrite surfaces.  Detailed liberation analyses were 
performed on the flotation feed size classes from which the liberation distribution of 
chalcopyrite could be determined.  It was found that the majority of chalcopyrite (>90% by 
mass) was fully liberated for which the abovementioned contact angle could be applied to 
determine their expected pulp phase flotation rate constant.  For the composite particles 
the contact angles were calculated using the Cassie equation (Cassie & Baxter, 1944) 
whereby the effective contact angle is determined as a function of the contact angle of the 
chalcopyrite (78o) and gangue (0o) and their fractions on the particle surface, a similar 
approach to that taken by Evans (2010) and Ford, et al. (2011). 
The Surface Forces model has been shown to be adequate to replicate laboratory batch 
flotation data for well characterised (turbulence, hydrodynamics) systems for which the 
contact angles of the target mineral-bearing particles are known per size class (Yoon, et 
al., 2012).  Subsequent validation of the model on pilot scale data (those of 
Welsby (2009)) showed very good agreement with the experimental data (Yoon, et al., 
2016) and for the various galena composition classes from Welsby’s data the contact 
angles were determined as: 
𝑖𝑗̅̅ ̅ = 𝑒𝑥𝑝 (
∑ 𝑎𝑗 ∙ 𝑏𝑗 ∙ ln (𝜃𝑖𝑗)
𝑛
𝑗=1
∑ 𝑎𝑗
𝑛
𝑗=1
) (48) 
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Where: 
 n  = number of minerals present in composite particles 
ij   = contact angle of mineral ‘j’ in size class ‘i’ 
𝑖𝑗̅̅ ̅  = mean contact angle of a composite particle of composition ‘j’ 
     in size class ‘i’ 
 aj  = particle surface composition for mineral ‘j’ 
 bj  = adjustable parameter 
 
2.6.4. Defining terminology to be used for composite particles 
It is also clear from the review of the technical literature that no uniform or unambiguous 
notation and terminology exists with regards to the descriptors of mineral particles.  This is 
an important part of this thesis and therefore the following clarifications are made in 
regards to the notations and terminology used for the remainder of this thesis: 
 Particle surface  - in this thesis the term particle surface refers to the outer 
layer of a particle that will be in contact with the water phase and gas bubbles within a 
flotation cell.  It is also the layer of the particle which is affected by flotation reagent 
addition. 
 Textural complexity - in this thesis textural complexity refers to the spatial 
arrangement of exposed grains of the mineral(s) of interest at particle surfaces.  
Particle surfaces comprising many grains spread over a large surface are designated 
to be complex in texture whereas those comprising single exposed grains are 
designated to be simple in texture (refer to Figure 60). 
 Spatial arrangement - in this thesis the term spatial arrangement refers to the 
location, on the particle surface, of exposed grains of the mineral(s) of interest with 
respect to other exposed grains of this mineral.  In simple terms, does a surface consist 
of a single exposed grain or multiple exposed grains of the mineral of interest?  In 
addition, if it is the latter, are the exposed grains close in proximity to one another or 
not? 
 Perimeter   - the perimeter of a particle section, from digital images, is 
the outer pixel layer of the particle image and may comprise multiple minerals.  
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2.7. Summary of key findings 
In sections 2.2 to 2.6 of the literature review both the physico-chemical principles of 
particle flotation and the existing descriptors of composite particles have been reviewed.  It 
is particularly noted that there currently exists a gap in the use of primarily geometrical 
descriptors of particles such as size, grain size, mineral composition and shape to fully 
account for the flotation response, of complex surfaces.  This is highlighted by the growing 
body of evidence suggesting that the spatial distribution of exposed grains may influence 
flotation separation efficiency.  In this regard, the knowledge gaps that will form the basis 
for the research in this thesis are: 
 Quantifying the spatial arrangement of mineral grains at composite particle surfaces, 
 Quantifying the impact of the spatial arrangement of mineral grains on the flotation 
recovery of composite particles, and 
 Simulation methods to predict particle compositions within a flotation circuit. 
A summary of the key findings for each of these areas are presented next along with the 
hypothesis to be tested that have resulted from the associated knowledge gaps and thesis 
objectives. 
2.7.1. Quantifying the spatial arrangement of mineral grains at composite particle 
surfaces 
The many textural indicators identified through the literature review all have important 
implications in the flotation separation of composite mineral particles.  The composition of 
the surfaces of these particles is the most frequently used indicator to predict their flotation 
behaviour given that the flotation response of the liberated mineral components is known.  
This may be achieved through direct measurements or through the application of more 
fundamental approaches.  Other textural indicators such as grain size distribution, phase 
specific surface area, intergrowth complexity or locking ratio also provide means of 
understanding the processing behaviour of mineral particles but have not been applied 
from a flotation modelling and simulation perspective as yet. 
None of the existing indicators of mineral or particle texture provide a means of quantifying 
the spatial arrangement of exposed mineral grains since they all capture the bulk texture 
and are therefore not specific to the surface of particles.  Being able to provide a 
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quantitative description of the textural nature of the exposed mineral grains at particle 
surfaces is therefore important as it forms the basis of the research undertaken in this 
thesis.  Its absence is therefore identified as a significant knowledge gap and has resulted 
in the first objective of this research being to “identify an appropriate indicator for 
estimating the spatial arrangement of exposed grains using MLA particle sections”.   
A more disseminated or spread-out grain arrangement means that for the same perimeter 
composition of a target mineral, the perimeter length of the target mineral grains will be 
spread over a greater particle perimeter length compared to a simple texture.  This 
concept is illustrated in Figure 23 where the light green path shows the total perimeter 
length over which the target mineral (blue grains) is spread for (i) simple and (ii) complex 
perimeter textures. 
 
 
Figure 23  Illustration of the concept of textural complexity as defined in this 
thesis.  Image (i) simple texture and (ii) complex texture where grains are spread 
apart from one another. 
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To achieve objective one the following hypothesis will therefore be tested based on this 
understanding: 
Hypothesis 1: 
An index can be derived from particle sections to estimate the spatial arrangement of 
exposed grains by considering the number of exposed grains and the total perimeter over 
which the grains are spread and this index is relevant to flotation performance. 
In the same manner as Fosu, et al. (2015a) the particle sections may then be classified 
according to the value of the perimeter texture index, within a particular perimeter 
composition class, and the mass proportion of a mineral of interest within the different 
perimeter texture-composition classes can be determined.  This will lead to a variation in 
the number of particle sections within the different perimeter texture-composition classes 
which according to the literature (Mariano & Evans, 2015; Evans & Napier-Munn, 2013; 
Lamberg & Vianna, 2007) impacts greatly on the confidence intervals that may be placed 
on the textural characteristics derived from the particle sections.  In addition, textural 
features of the target mineral within particles potentially occur less frequently as particle 
size is reduced due to increased liberation (Evans, 2010; Vianna, 2004; Sutherland, 1989) 
and therefore the impact of texture on flotation performance may not be present or 
measurable if a very small fraction of the mineral of interest exhibits perimeter texture 
complexity.  This is another knowledge gap that has resulted from the review of the 
literature since recent investigations ( Fosu, et al., 2015a, 2015c) on the impact of texture 
made no attempt to determine the confidence that may be placed in the observed 
differences in the batch flotation recoveries of particles with different texture complexities.  
A second objective of this research is therefore to determine the magnitude of the error 
that is associated with the mass of a target mineral within specific perimeter texture 
classes and how this impacts on the choice of texture classes to be assessed.  By 
doing so the research seeks to test the following hypothesis: 
Hypothesis 2: 
Knowledge of the confidence intervals in the mass proportions of a mineral within specific 
perimeter texture-composition classes is important for the assessment of their flotation 
performance and as an aid to identify which classes to assess. 
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2.7.2. Quantifying the impact of the spatial arrangement of mineral grains on the flotation 
recovery of composite particles 
Research undertaken in the field of adhesives and polymer science has provided evidence 
that the relative proportions of adhesive and non-adhesive components are not the only 
drivers determining the strength of adhesion between surfaces and that depending on the 
pattern of the adhesive compound, differences in adhesion could be achieved.  This raises 
the question of whether this behaviour also occurs in the adhesion of bubbles to mineral 
surfaces in particles.  There is very little in the flotation literature that addresses the 
influence of the distribution of hydrophobic mineral grains at the particle surface on 
flotation separation but there are research findings that can be used to support a 
hypothesis that this textural characteristic is also important in froth flotation. Although 
Fosu, et al. (2015a) made the following statement based on their research findings: 
“Although, particles with simple and complex locking texture could have the same degree 
of liberation, the difference in the spatial distribution of the exposed surface area 
determines a difference in flotation response…”, the locking ratio applied provides merely 
a means of estimating the degree of dispersion (related to average grain size) and does 
not relate to the spatial arrangement of the grains.  In addition, the recovery numbers 
reported by Fosu, et al. (2015a) for the different locking textures were for material which 
encompasses a wide size range (75 to 600 m) making it difficult to attribute recovery 
differences solely to a textural effect.  A third objective of this research is therefore to 
determine the impact of the exposed grain texture on overall rougher and scavenger 
flotation at industrial scale and the confidence intervals in the mean recovery 
numbers, and the hypothesis tested is: 
Hypothesis 3: 
Complex grain perimeter textures within particles produce greater grain perimeter lengths 
for bubble attachment and therefore improved recovery is achieved. 
As far as predicting the impact of exposed grain texture on flotation separation is 
concerned, none of the existing property-based flotation modelling approaches (Yoon, et 
al., 2016; Yoon, et al., 2012; Ralston, et al., 2007; Grano, 2006; Bushell, 2012; Ford, et al., 
2011; Evans, 2010) takes this aspect into account and only the composition of particles 
surfaces is considered.  If the flotation characteristics (i.e. contact angle behaviour) of 
79 
 
composite particle surfaces are however more strongly influenced by the interactions of 
the three-phase contact line and not just the interfacial area (Gao & McCarthy, 2009; Gao 
& McCarthy, 2007) then the existing surface composition modelling approaches need to be 
adapted to account for complex grain arrangements in composite particles.  It has been 
shown (Gautam & Jameson, 2012; Ally, et al., 2012; Feng & Nguyen, 2016) that the 
adhesion of a bubble to the surfaces of solids is greatly enhanced in the presence of 
surface irregularities such as sharp edges and it was suggested by Gautam & 
Jameson (2012) that grain boundaries of hydrophobic minerals may serve the same 
purpose for composite mineral particles.  If the exposed perimeter component of a mineral 
at the particle perimeter comprises multiple grains spread over a length then this 
arrangement will have more anchoring points for the bubble upon contact compared to a 
single exposed grain within the same perimeter composition class.  The degree to which 
they are spread may also affect the flotation separation of particles and the fourth objective 
of the research is therefore to incorporate the index for the spatial arrangement of 
exposed mineral grains developed through objectives one and two into an empirical 
equation that will enable the overall rougher and scavenger recoveries determined 
through objective three to be estimated more accurately.  This will be done to test the 
following hypothesis: 
Hypothesis 4: 
The higher recoveries for complex grain textures may be predicted from the recovery 
versus perimeter composition relationships for simple textures through an empirical model 
that incorporates the new perimeter texture complexity index. 
 
2.7.3. Simulation methods to predict particle compositions within a flotation circuit 
The final component of the literature review focused on modelling and simulation 
techniques and the characteristics they apply to predict the flotation response of composite 
particles.  Despite there being many different ways by which their response may be 
estimated, i.e. empirical fitting, applying a surface composition model or predictions using 
first principles, for circuit modelling and simulation classes of components is utilised where 
particles within a class have similar flotation responses.  Circuit modelling and simulation 
therefore is done by using the average class properties (size, mineral composition, 
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flotation rate constant or floatability).  In the published works many of the ores were also 
assumed to be binary (Ralston, et al., 2007; Savassi & Dobby, 2005; Vianna, 2004; 
Danoucaras, et al., 2013) since this simplifies the particle composition classes to be used 
for simulation purposes.  Table 2 provides estimates of the number of particle composition 
classes that may be needed for modelling and simulation depending on the total number of 
components in the system and the gradation between the composition classes.  Although 
a large number of classes may be tedious to parameterise, for simulation the 
computational power to manage such complex simulations is no longer a limitation. 
 
Table 2  Particle composition classes needed for various numbers of components 
present. 
 Composition Class Interval 
# of Components 5 10 
2 21 11 
3 231 66 
4 1771 286 
5 10626 1001 
  
 
A challenge for future flowsheet simulations is however that of the integration of different 
unit processes that utilise different particle attributes such as flotation (surface 
hydrophobicity), magnetic separation (magnetic susceptibility), gravity separation (particle 
density) or leaching (surface exposure of target minerals).  Existing simulations are 
targeted towards a single process such as flotation and the component classes are 
therefore constructed based on particle composition and because only the average class 
properties are maintained during simulations it is difficult to recalculate the distribution of 
additional minerals (such as magnetite) based on a different particle attribute (such as 
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magnetic susceptibility).  To illustrate this consider the mass distribution of a mineral within 
particle density classes in Figure 24 when determined from particle floatability component 
classes and particle density classes, respectively.  The distribution from floatability 
components was based on the mass proportion of the mineral in each floatability 
component class and the weighted particle density in each class.  There are significant 
differences in the distribution of the denser mineral components, especially for the higher 
grade (higher density) particles and the consequence is that should a density distribution 
based on floatability classes be used an underestimation of the separation by gravity of 
this mineral may result. 
To be able to fully utilise particle attributes, such as density or textural indicators such as 
that proposed in this thesis, in circuit simulations the simulation approach must be flexible 
to enable various particle attributes to be used within a circuit depending on the unit 
process being considered. 
 
 
Figure 24  Mass distribution of a mineral to density classes based on these 
classes being determined from the properties of floatability component classes 
(solid line) and particle attributes (dashed line). 
 
The fifth and final objective of this research is therefore to investigate a modification to 
the existing flotation modelling approach of fixed component classes to facilitate 
the prediction of particle composition within a rougher-scavenger flotation circuit, 
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and the possibilities this may unlock for future research in mineral processing.  The 
hypothesis to be tested is: 
Hypothesis 5: 
All fully liberated, non-recoverable mineral-bearing particles can be treated as a single 
archetype that will enable attributes for remaining particles to be assigned and tracked 
individually throughout a circuit. 
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CHAPTER 3  METALLURGICAL DATA COLLECTION AND 
EXPERIMENTAL PROCEDURES 
 
 
“No amount of experimentation can ever prove me right; a single experiment can prove me 
wrong.” 
- Albert Einstein 
German-American Physicist, Nobel Prize winner for Physics in 1921 (1879 - 1955) 
3.1. Introduction 
In support of achieving the aim and objectives of this thesis as outlined in section 1.2 three 
different sets of metallurgical samples were used throughout the research.  The diagram 
below provides a depiction of how the data sets were used in the key sections of the 
chapters to follow. 
 
 
Figure 25  Application of data sets in this thesis to the various chapters. 
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The information provided in this chapter relates to the three data sets themselves as well 
as the different experimental procedures and calculations that were applied, and is divided 
into three parts. 
In the first part comprehensive information is provided about the three data sets and 
include sampling practices that were applied, sample processing methods and the 
mineralogical make-up of the flotation feed samples and how these were used to construct 
the mass balance equations (mineral-to-elemental conversions) for each Case Study. 
The second part discusses in detail how confidence intervals for the various 
measurements from the two Case Study surveys were determined.  These two data sets 
were collected as part of larger sampling campaigns within the AMIRA P9O (2008-2011) 
and P9P (2012-2015) research projects.  Under ideal circumstances these industrial 
surveys would be repeated a number of times under the same operational conditions to 
enable errors in the various measurements and assays to be determined (Lotter, 2005; 
Lotter & Laplante, 2007).  These large-scale industrial flotation circuit surveys however are 
time consuming, resource intensive and costly to undertake and for these reason the Case 
Study surveys were constrained to a single data set per operating condition.  There are 
other sources of information that may be utilised to establish the quality of the data 
collected and may include online data such as those recorded with the SCADA systems 
installed on concentrators.  New feed tonnes are typically recorded as it also serves as a 
control input for the grinding circuit and for the majority of flotation circuits online density 
measurements are available that can be used to cross-check the solids concentrations as 
calculated from the survey samples.  If online volumetric flow meters are available their 
outputs may be combined with density estimates to provide an estimate of the mass of dry 
solids feeding flotation.  These online aids were however not available (not installed, not 
calibrated or required maintenance) and the values measured during the surveys were the 
only data points available.  To estimate the confidence intervals for any estimate of 
processing performance from the survey data it was required to understand the potential 
errors associated with the data, an important prerequisite for determining, with confidence, 
the recovery of target minerals within different size, perimeter composition and texture 
classes in Chapter 6. 
The third and final part of this chapter provides details of how each circuit mass balance 
was constructed as an integrated process where the unsized, sized and perimeter texture-
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composition class information all interacted, instead of them being independent 
components to a mass balance. 
3.2. Part 1 – Data set information 
 
3.2.1. Perimeter texture indicator development samples (data set #1) 
In the first part of Chapter 4 a subset of previously published data was used to test new 
Visual Basic for Applications (VBA) macros that were implemented in Microsoft Excel to 
read MLA particle section images for image processing.  This data was produced by 
Bradshaw & Vos (2013) as part of the testing of small-scale flotation separability device 
and in Chapter 4 of this thesis four of the products were selected as the development 
samples namely a concentrate and tail sample from two different size fractions (+150 m 
and +38 m) from one of the separability tests. 
The purpose of these four samples was to validate the ability of the new VBA macros to 
accurately read the particle section images and to ensure that the modal mineralogy and 
liberation characteristics (particle composition by area, mass and perimeter) of the particle 
sections were reproduced accurately by comparing the outputs with those of MLA 
DataView (Fandrich, et al., 2007).  This was required before further image processing was 
undertaken for the remainder of Chapter 4 that focused on developing a new texture 
indicator to estimate the spatial arrangement of exposed mineral grains using particle 
sections.   
During the MLA analysis of these samples up to 31 different minerals were identified but 
for the purpose of the comparisons in this thesis mineral groupings were applied that 
produced 6 mineral groups as illustrated in Table 3 and the grades of each of these 
mineral groups in the four samples are given in Table 4.  The cumulative mass distribution 
of chalcocite is also given in Figure 26 as a function of its composition at the particle 
perimeter.  This was also used to validate the output of the new VBA macros in Chapter 4. 
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Table 3  Mineral groupings applied to test VBA macros in Chapter 4. 
 
 
Table 4  Modal mineralogy of four samples used to test VBA macros in Chapter 4. 
Mineral Grouping 
Concentrate 
+38 m 
Concentrate 
+150 m 
Tails 
+38 m 
Tail 
+150 m 
Chalcocite 3.70 6.61 0.09 0.33 
Covellite 4.24 0.50 0.16 1.14 
Pyrite 28.77 63.17 0.32 7.29 
Other Cu sulfides 1.73 1.97 0.06 0.19 
Quartz 30.78 12.99 52.82 48.67 
Remainder 30.77 14.76 46.55 42.36 
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Figure 26  Mass distribution of chalcocite as a function of particle perimeter 
composition of chalcocite, of the four samples used to test VBA macros in 
Chapter 4. 
 
3.2.2. Case Study 1 – Iron-oxide-copper-gold ore (data set #2) 
 
3.2.2.1. Overview 
As part of a larger circuit sampling campaign undertaken in 2008/2009 during the AMIRA 
P9O research project samples of rougher flotation feed, overall rougher concentrate and 
rougher tail were collected from a rougher flotation circuit treating an IOCG ore and these 
samples formed the focus of the analysis for Case Study 1 in this thesis.  Details of sample 
collection on post-survey sample processing are given next. 
3.2.2.2. Sampling the flotation circuit 
A block diagram of the rougher flotation circuit as sampled is presented in Figure 27. 
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Figure 27  Block diagram of the IOCG ore rougher flotation circuit. 
 
Samples of the rougher feed, overall rougher concentrate and rougher tail streams were 
collected from the automatic in-stream samplers used to produce composite shift samples 
for metal accounting purposes.  The containers used to collect the shift samples were 
replaced by survey sampling buckets and over a 2 hour period samples were taken at 20 
minute intervals.  All incremental samples taken per stream were combined to produce an 
overall sample representative of that stream.  The slurry samples were then weighed as-is, 
filtered, oven dried and the dry masses were recorded from which the solids concentration 
(wt%) in each stream was determined as: 
𝑖 =
𝑀𝑑𝑟𝑦,𝑖
𝑀𝑡𝑜𝑡𝑎𝑙 −𝑀𝑏𝑢𝑐𝑘𝑒𝑡
∙ 100 (49) 
Where: 
 𝑖  = calculated dry solids mass percentage in stream i 
𝑀𝑑𝑟𝑦,𝑖  = dry weight of combined sample for stream i 
𝑀𝑡𝑜𝑡𝑎𝑙  = weight of sampling container and slurry 
𝑀𝑏𝑢𝑐𝑘𝑒𝑡 = weight of sampling container 
From each dried primary sample (containing >1 kg of dried solids) a representative sub-
sample (10-50 g) was split using a rotary splitter and the sub-sample was pulverised and 
submitted for elemental assay.  With a particle top size of approximately 300 m these 
sub-samples were representative since the process obeyed the safety line rules (Gy, 
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1982) for splitting particulate samples as illustrated by Lotter, et al. (2014).  Additional, 
larger representative sub-samples were also rotary split from the primary samples and 
these were first wet sieved to remove -38 m material after which the +38 m material was 
dried and dry sieved to produce -300+150 m; -150+75 m and +38-75 m size fractions.  
Any -38 m material produced from the dry sieving process was collected and combined 
with the -38 m material from wet sieving.  The -38 m product was then sized using a 
Warman Cyclosizer.  The size fractions generated from the Cyclosizer were; +C2-38 m; 
+C4-C2; -C4+C5 and -C5 where C2, C4 and C5 represent the 22 m, 17 m and 11 m 
Cyclosizer sizes respectively.  Each size fraction was representatively split into two 
aliquots which were submitted for chemical assay and MLA analysis.  The number of 
particle sections measured for each size fraction and the MLA sample preparation 
procedures applied are given in Chapter 5. 
3.2.2.3. Modal mineralogy of flotation feed and constructing mineral-to-element mass 
balance equations 
The bulk and sized modal mineralogy for the flotation feed sample of the IOCG ore is 
given in Figure 28 and shows quartz and iron oxides were the main mineral components.  
Other non-sulfide gangue minerals included sericite, siderite, chlorites and feldspar.  The 
sulfide mineral component comprised bornite, chalcocite, chalcopyrite and pyrite and a 
breakdown of their proportions is given in Figure 29 followed by the distribution of copper 
to the different copper-bearing minerals on an unsized basis in Table 5. 
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Figure 28  Bulk and sized modal mineralogy for the IOCG ore flotation feed sample. 
 
 
Figure 29  Sulfide mineral bulk and sized modal mineralogy for the IOCG ore 
flotation feed sample. 
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Table 5  Distribution of copper in the IOCG flotation feed sample to the different 
copper minerals. 
Cu-bearing 
mineral 
%Cu in 
mineral 
Cu 
distribution 
(wt %) 
Bornite 63.31 55.3 
Chalcocite 79.85 34.8 
Chalcopyrite 34.63 8.3 
Rest* 0.04 1.6 
Total  100.0 
 
*Comprised the ore components not including the copper minerals in Table 5 and pyrite. 
 
Bornite and chalcocite were the main copper-bearing minerals accounting for 
approximately 90% of the copper in the feed, followed by chalcopyrite.  The presence of 
approximately 1.6% of the copper in the non-sulfide mineral component of the ore was as 
a result of the presence of tenorite (CuO).  This mineral was present in the bulk feed at 
0.05% by mass only and was therefore classified with the non-sulfide component.  Pyrite 
was the main sulfide gangue component in the ore. 
During mass balancing the modal mineralogy and associated elemental concentrations in 
each of the key sulfide minerals was applied to determine the mineral-to-elemental 
conversions required for this ore.  The following calculations were applied during mass 
balancing: 
𝐶𝑢 = 0.3463 ∙ 𝐶𝑝𝑦 + 0.6331 ∙ 𝐵𝑛 + 0.7985 ∙ 𝐶𝑐 + 0.0004 ∙ 𝑅𝑒𝑠𝑡 (50) 
𝑆 = 0.3494 ∙ 𝐶𝑝𝑦 + 0.2556 ∙ 𝐵𝑛 + 0.2015 ∙ 𝐶𝑐 + 0.5345 ∙ 𝑃𝑦 + 
0.0009 ∙ 𝑅𝑒𝑠𝑡 
(51) 
Where: 
𝐶𝑢, 𝑆  = weight proportion of Cu and S in sample  
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𝐶𝑝𝑦,𝐵𝑛,𝐶𝑐 ,𝑃𝑦 = weight proportion of chalcopyrite, bornite, 
 𝑟𝑒𝑠𝑡       chalcocite, pyrite and rest in sample or  
        size class 
Small quantities of sulfur were present in the ‘Rest’ component in trace amounts of 
sphalerite (ZnS, 0.01% by mass) and barite (BaSO4, 0.61% by mass).  These were also 
grouped with the non-sulfide component.  In the mass balance process elemental assays 
were included up to the size-by-size mass balance component after which only the mineral 
components were used for the perimeter texture-composition class mass balance of the 
copper-bearing particles. 
3.2.3. Case Study 2 - Copper porphyry ore (data set #3) 
 
3.2.3.1. Overview 
As part of a larger circuit sampling campaign undertaken in 2012 during the AMIRA P9P 
research project samples of rougher flotation feed, overall rougher concentrate, rougher 
tails, overall scavenger concentrate and scavenger tail were collected and these samples 
formed the focus of the analysis for Case Study 2 in this thesis.  Details of sample 
collection on post-survey sample processing are given next. 
3.2.3.2. Sampling the flotation circuit 
The ore fed to the grinding and flotation circuit during the survey comprised a competent 
ore (A*b of approximately 41 kW/m3 and Bond Work Index of approximately 14 kWh/t) with 
a high copper grade of 0.76% Cu and a low molybdenum grade of 210 ppm.  A block 
diagram of the rougher-scavenger flotation circuit is presented in Figure 30 and also 
indicates the location of the five sampling stations.  The rougher feed sample (1) and 
scavenger tail sample (5) were collected by replacing the sample collection containers on 
the automated in-line sampling systems used for collecting the production samples on a 
shift-by-shift basis.  As was the case for the IOCG, samples of these two were taken at 
approximately 20 minute intervals over the two-hour period. 
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Figure 30  Flow diagram of the rougher-scavenger flotation line used for the 
copper porphyry ore. 
 
The rougher tail sample (3) was collected using a dip-sampler.  This device consists of a 
series of interconnecting handle pieces that can be used to increase or decrease the 
overall length of this sampler.  At the top end is a lever that can be used to remove or 
place the rubber bung into the opening of the sampling container, located at the other end 
of the device.  A sample was collected by closing the rubber bung to ensure the collection 
container was sealed while it was transported through the pulp to the appropriate sampling 
location in the cell.  Once the sampling container was at the location where the sample 
was to be collected, the lever was used to remove the rubber bung from the sample 
container which allowed pulp to flow into the container.  A few seconds was allowed for 
pulp collection and the rubber bung was put back before the container over-filled to avoid 
biased collection of coarse particles.  The whole device was then removed from the pulp 
and the sampling container was rinsed with clean water before it was removed from the 
dip-sampler and emptied into a sampling bucket.  During the two-hour survey a sample of 
the rougher tail was collected every 15-20 minutes and these were combined to produce a 
composite sample representing the two-hour sampling period.  Figure 31 (A-B) shows 
images of the different components of the dip-sampler and Figure 31 (C) shows the device 
in use. 
Overall rougher concentrate (2) and overall scavenger concentrate (4) were collected 
using a rectangular sampling container of known dimensions (W+H+L) connected to a long 
pole so as to be able to reach the cell concentrate launders to collect the material as it 
Rougher
cells
Scavenger
cells
1
2 4
3 5
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overflowed.  A timed sample from each flotation cell was collected every 20 to 30 minutes, 
that is, every 20 to 30 minutes sampling started at the first cell and continued down the 
bank collecting concentrates from all cells.  For each series down the bank the concentrate 
sampling location for each cell was changed to minimise the bias from collecting 
concentrates at launder sections recovering more mass.  The time taken to collect each 
sample, for each cell, was recorded and used to estimate the dry solids and water flow to 
the concentrates.  During the collection of the concentrates the samples from the first four 
cells were combined as a rougher concentrate product and the samples from the 
remaining cells were combined as a scavenger concentrate product.  The sampling times 
were accumulated accordingly and to ensure appropriate mass flows were combined for 
each overall concentrate sample the collection times were kept constant. 
 
 
Figure 31  (A-B) Components of the JK dip-sampler and (C) the device being used 
to collect a tail sample in a flotation cell. 
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After sampling all samples were weighed wet, filtered and oven dried at 70 oC and the 
weights of the dry solids were recorded to allow the solids flow to each combined 
concentrate to be estimated as: 
Mconcentrate
solids =
𝑀𝑑𝑟𝑦
1000 ∙ 1000
𝑡
60 ∙ 60
∙
𝐿
𝐶𝐿
10 ∙ 100
 (52) 
Where: 
 Mconcentrate
solids  = estimated concentrate dry solids mass flow (t/h) 
𝑀𝑑𝑟𝑦  = dry weight of combined concentrate sample collected (g) 
𝑡  = cumulative collection time of all combined concentrate (s) 
𝐿  = flotation cell total overflow lip length (m) 
𝐶𝑙  = lip length of sample container used to collect sample (mm) 
An approximate 500 g sub-sample was split from each of the head samples using a rotary 
splitter and sized into the five fractions indicated in Table 6.  The same sieving procedure 
applied to the IOCG ore samples was also applied in this case.  All head and sized 
samples were submitted for elemental assay and additional sub-samples from each size 
fraction were also split and mounted into polished blocks for MLA measurements.  The 
sample preparation undertaken for the different size fractions for MLA measurements is 
described in Chapter 5 and the number of polished blocks and particle sections measured 
for each size fraction per sample is shown in Table 6. 
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Table 6  Number of polished blocks and particle sections measured in the MLA for 
the copper porphyry ore. 
 
 
Sample Blocks 
Particle 
sections 
+150 m 
Feed 3 19687 
Rougher concentrate 1 7406 
Rougher tail 3 18280 
Scavenger concentrate 1 6553 
Final tail 3 16518 
+106 m 
Feed 3 24049 
Rougher concentrate 1 7986 
Rougher tail 3 24683 
Scavenger concentrate 1 8024 
Final tail 3 31573 
+75 m 
Feed 3 29950 
Rougher concentrate 1 10859 
Rougher tail 3 30634 
Scavenger concentrate 1 10306 
Final tail 3 42969 
+20 m 
Feed 3 32655 
Rougher concentrate 1 11974 
Rougher tail 2 21436 
Scavenger concentrate 1 11337 
Final tail 3 47326 
-20 m 
Feed 1 14154 
Rougher concentrate 1 16799 
Rougher tail 1 16150 
Scavenger concentrate 1 14127 
Final tail 1 14368 
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3.2.3.3. Modal mineralogy of flotation feed and constructing mineral-to-element mass 
balance equations 
The bulk and sized modal mineralogy for the flotation feed sample for the copper porphyry 
ore is presented in Figure 32.  The bulk of the feed mass comprised biotite, quartz and 
orthoclase with a small component of plagioclase.  Muscovite was present in small 
proportions (< 4% overall) and from Figure 32 it appears that this mineral concentrated 
more towards the finer size fractions.  Chalcopyrite accounted for more than 97% of the 
total copper-bearing sulfides present in the feed with pyrite as the dominant floating sulfide 
gangue, accounting for less than 2% of the total feed mass.  Bornite represented a minor 
copper-bearing mineral for this particular ore with negligible proportions of other copper 
sulfide minerals. 
As a quality control mechanism the results of the chemical assays on the head and sized 
samples were compared to the elemental assays as estimated from the MLA 
measurements and these are compared in Figure 34 for copper, molybdenum and sulfur.  
An overall acceptable level of agreement is seen for both the Cu and the S assays with 
only a minor number of samples showing some disagreement when the grades were 
below 1%.  This provides sufficient confidence that the relationships proposed in equations 
(53) to (55) can be used to approximate elemental assays from mineral content. 
Significantly more scatter is observed for the Mo assays.  In this case the values produced 
from the chemical assays were given a higher weighting than those produced from MLA 
particle sections.  During mass balancing the molybdenite (MoS2) flows were thus allowed 
to vary to a greater extent when calculating Mo grades to ensure a closer match is 
achieved with the chemical assays. 
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Figure 32  Bulk and sized modal mineralogy for the copper porphyry ore flotation 
feed sample. 
 
 
Figure 33  Sulfide mineral bulk and sized modal mineralogy for the copper 
porphyry ore flotation feed sample. 
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Figure 34  Comparison of chemical assays (head samples and size fractions) for 
Cu, Mo and S with those estimated using MLA particle sections. Top (Cu), middle 
(Mo), bottom (S). 
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𝐶𝑢 = 0.3463 ∙ 𝐶𝑝𝑦 + 0.6331 ∙ 𝐵𝑛 (53) 
𝑆 = 0.3494 ∙ 𝐶𝑝𝑦 + 0.2556 ∙ 𝐵𝑛 + 0.4006 ∙ 𝑀𝑜𝑆2 + 0.5345 ∙ 𝑃𝑦 (54) 
𝑀𝑜 = 0.5994 ∙ 𝑀𝑜𝑆2 (55) 
Where: 
𝐶𝑢, 𝑆, 𝑀𝑜   = weight proportion of Cu, S and Mo in sample or  
           size class 
𝐶𝑝𝑦,𝐵𝑛,𝑀𝑜𝑆2,𝑃𝑦  = weight proportion of chalcopyrite, bornite,   
       molybdenum and pyrite in sample or size class 
Elemental assays were included up to the size-by-size mass balance component after 
which only the mineral components were used in the perimeter texture-composition class 
mass balance of the copper-bearing particles. 
3.2.4. Setting up perimeter texture-composition class mass balances 
For both Case Studies the perimeter texture technique from Chapter 4 was applied to 
particle sections for all the flotation circuit samples.  This allowed the mass proportion of 
the copper minerals of interest within a specific texture(j)-composition(k) classes to be 
determined as:   
Ω𝑗,𝑘,𝑖
s =
∑(𝑀𝑛
𝑝 ∙ 𝑛)𝑗,𝑘,𝑖
∑ (𝑀𝑛
𝑝 ∙ 𝑛)𝑖
𝑁
𝑛=1
∙ 100 (56) 
Where: 
 Ω𝑗,𝑘,𝑖
s   = mass proportion of target mineral in stream ‘s’ and size class ‘i’ that 
      is present in texture class ‘j’ and composition class ‘k’ 
 𝑀𝑛
𝑝
  = mass units of particle ‘n’ within a measured population of ‘N’  
      particles 
 𝑛  = weight percentage if a target mineral within particle ‘n’ in a   
      measured population of ‘N’ particles 
 
101 
 
∑(𝑀𝑛
𝑝 ∙ 𝐶𝑝𝑦,𝑛)𝑗,𝑘,𝑖 = sum of the product of the particle mass units and target mineral  
      weight percentage for particles within a measured population of ‘N’ 
      particles for which the perimeter composition characteristic of the  
      target mineral is in composition class ‘k’ and the perimeter texture 
      characteristic within class ‘j’, in size class ‘i’ 
∑ (𝑀𝑛
𝑝 ∙ 𝑛)𝑖
𝑁
𝑛=1  = sum of the product of the particle mass units and target mineral  
      weight percentage for all particles within a measured population of 
      ‘N’ particles, in size class ‘i’ 
Along with the mean mass proportions, confidence intervals were also determined for each 
estimated mean value and the approach applied in this research is discussed in Chapter 5.  
For the feed sample in the IOCG Case Study this information is provided in Chapter 5 
(Figure 64, Table 15 and Table 21) and for the copper porphyry Case Study is shown in 
Figure 35 along with the corresponding coefficients of variations in Table 7.  A reference to 
the colour-scheme used is given in section 5.3.1.  A complete summary of the mass 
proportions and associated coefficients of variation for all samples for both Case Studies is 
provided in Appendix C. 
 
Table 7  Perimeter texture-composition classes applied to the copper porphyry 
flotation feed sample and associated coefficients of variation. 
Top size (m) 300 150 106 75 20 
Bottom size (m) 150 106 75 20 5 
Not exposed 18 14 18 27 51 
0.0 to 0.6 for 0-20% exposed class 58 62 68 
18 17 0.6 to 0.8 for 0-20% exposed class 27 27 39 
0.8 to 1.0 for 0-20% exposed class 10 12 12 
0.0 to 0.8 for 20-40% exposed class 44 71 55 
21 35 
0.8 to 1.0 for 20-40% exposed class 20 21 20 
0.0 to 1.0 for 40-80% exposed class 31 20 19 16 24 
0.0 to 1.0 for 80-100% exposed class 16 4 2 2 4 
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Figure 35  Mass proportion of chalcopyrite (Z) in each perimeter texture-
composition class for the copper porphyry ore flotation feed size classes. 
 
Key to axis labels
X = Composition class mid-point
Y = Texture class mid-point
Z = Mineral mass proportion
+150 m +106 m
+75 m +20 m
-20 m
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Combining this information with the unsized and size-by-size mass balance the mass flow 
of the target mineral in each perimeter texture-composition class was determined as: 
Mk,j,i,s = (M ∙
Si
100
∙
𝜔i
100
∙
Ω𝑗,𝑘,𝑖
100
)
𝑠
 (57) 
Where: 
 𝑀𝑘,𝑗,𝑖,𝑠  = mass flow (t/h) of target mineral in texture class ‘j’, composition  
      class ‘k’ for size class ‘i’ and stream ‘s’ 
 𝑀   = mass flow (t/h) of stream ‘s’ 
 𝑆𝑖  = weight percentage of stream ‘s’ that comprise size class ‘i’ 
 𝜔𝑖   = grade (wt%) of target mineral in size ‘i’ for stream ‘s’ 
 Ω𝑗,𝑘,𝑖  = proportion of target mineral in size ‘i’ for stream ‘s’ that is in  
      texture class ‘j’ and composition class ‘k’ (see equation (56)) 
3.3. Part 2 – Confidence intervals in survey data 
A large number of data points were collected for the two Case Studies in support of this 
research and included: 
Survey data: 
 Solids flow rates (dry tonnes per hour) of the feed, concentrates and tail streams 
 Associated solids concentrations (wt%) in the above streams 
 Elemental and mineral assays for head samples and size fractions within each 
stream 
Particle and texture data from single sections 
 Perimeter composition and texture characteristics of copper mineral-bearing 
(combined bornite + chalcocite) particle sections for the IOCG ore, and the same 
information for chalcopyrite-bearing particle sections for the copper porphyry ore - 
for each size class in each stream 
To facilitate an overall mass balance of the data and to be able to determine a consistent 
set of adjusted data that best matched the experimental data it was important to have a 
means of determining the confidence intervals for each measured data point. 
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The means of obtaining this information differed for the different data points and the 
following section provides a description of the methods used. 
3.3.1. Initial approximations of confidence in survey data 
 
3.3.1.1. Solids split to concentrates 
The procedure followed in this section is as described by Morrison (2008a).  A simple 
block-diagram of a rougher-scavenger flotation circuit is given in Figure 36 and is used to 
represent the flotation sections for both Case Studies on a general basis. 
 
 
Figure 36  Block diagram of rougher-scavenger flotation circuit. 
 
In an ideal situation where a consistent set of data was available (what flows in also flows 
out) the overall mass flow equation for the overall rougher section may be written as: 
A = B + C (58) 
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If a set of consistent component assays (ai, bi and ci) accompanied each stream then the 
component mass flow equation would be: 
A ∙ 𝑎𝑖 = B ∙ 𝑏𝑖 + C ∙ 𝑐𝑖 (59) 
Now assign the mass split to the rougher concentrate as , then the mass flows for the 
rougher concentrate and tail streams may be expressed, respectively, as: 
B =   ∙ A (60) 
and 
C = A −  ∙ A = A ∙ (1 − ) (61) 
Substituting these values for stream B and stream C into equation (59) and dividing both 
sides by stream A yields: 
𝑎𝑖 =  ∙ 𝑏𝑖 + (1 − ) ∙ 𝑐𝑖 (62) 
For an ideal set of data the difference between the feed flows and the sum of the flows in 
the concentrate and tail would be zero for solids and all components, therefore 
equation (62) may be re-arranged as follow for this special case: 
𝑎𝑖 −  ∙ 𝑏𝑖 − (1 − ) ∙ 𝑐𝑖 = 0 (63) 
Followed by: 
 =
𝑎𝑖 − 𝑐𝑖
𝑏𝑖 − 𝑐𝑖
 (64) 
This is also known as the two-product formula frequently applied in flotation circuits to 
estimate mass splits.  For the scavenger cells this split () can be estimated in a similar 
way as: 
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 =
𝑐𝑖 − 𝑒𝑖
𝑑𝑖 − 𝑒𝑖
 (65) 
Equations such as the one represented by equation (63) are however only valid for 
consistent data (in-flows = out-flows) and this is not usually the case for experimental data 
sets.  In the latter case errors between in-flows and out-flows are present due to 
experimental and measurement errors.  Let us assume such an error to be designated i 
for a component i.  For this case equation (63) is modified as follows: 
𝑖 = 𝑎𝑖 −  ∙ 𝑏𝑖 − (1 − ) ∙ 𝑐𝑖 (66) 
This can be simplified to: 
𝑖 = (𝑎𝑖 − 𝑐𝑖) −  ∙ (𝑏𝑖 − 𝑐𝑖) (67) 
Squaring the equation on both sides produces a relationship between the squared error 
(SE) in the data and the mass split to the rougher concentrate (): 
𝑆𝐸 = 𝑖
2 = ((𝑎𝑖 − 𝑐𝑖) −  ∙ (𝑏𝑖 − 𝑐𝑖))
2 (68) 
For multiple components (i = 1 to N) the total error can then be determined by summing 
the squared error for each component.  This generates the sum of squared error (SSE) for 
the system under consideration and has the following expression: 
𝑆𝑆𝐸 =∑𝑖
2
𝑁
𝑖=1
=∑((𝑎𝑖 − 𝑐𝑖) −  ∙ (𝑏𝑖 − 𝑐𝑖))
2
𝑁
𝑖=1
 (69) 
From this it is possible to estimate the best possible split of mass to the rougher 
concentrate for a set of component assays that will minimise the value of SSE.  This can 
be done using the Microsoft Excel Solver routine but an exact analytical solution to this 
also exists. 
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This is determined by taking the first derivative of equation (69) with respect to  and 
setting the result to zero.  The solution for this is: 
 =
∑ (𝑎𝑖 − 𝑐𝑖) ∙ (𝑏𝑖 − 𝑐𝑖)
𝑁
𝑖=1
∑ (𝑏𝑖 − 𝑐𝑖)2
𝑁
𝑖=1
 (70) 
Where ‘N’ represents the number of components assayed.  Equations (69) and (70) will be 
applied next to: 
 Determine if a given set of component assays provide a well-defined split of the solids 
to the rougher concentrates 
 Determine the confidence that can be placed in the estimated mean mass split fraction 
due to errors present in the component assays 
 
Calculations for experimental data – rougher flotation section 
In this section the copper porphyry rougher flotation section was used to demonstrate how 
the best mass split to rougher concentrate was estimated along with its associated 
confidence interval.  This was also applied to the IOCG rougher flotation circuit in the 
same way and only the results for this will be presented. 
When making changes to the estimate of the split factor () in equation (69) for a given set 
of component assays, a large change in SSE for small changes in  indicates that the 
mass split is very well defined for that particular data set.  Let us consider the rougher 
section for the copper porphyry ore and its associated experimental component assays.  
The following data table (Table 8) was set up for which the SSE was determined.  From 
this a sensitivity analysis was done in Microsoft Excel by using the Data Table function.  
This calculated the change in SSE with changes in the value of  without having to repeat 
the above calculation multiple times.  The result is presented in Figure 37 and shows the 
sensitivity of the SSE value for the copper porphyry rougher section.  The experimental 
assay values clearly defined a mass split to the rougher concentrate that produced a 
defined minimum in the SSE at  = 0.0257. 
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Table 8  Calculation of sum of errors for the copper porphyry rougher circuit from 
an estimated rougher mass split. 
 
Rougher 
feed 
Rougher 
concentrate 
Rougher 
tail 
    
Tph 683.62 34.18 649.44     
  0.05      
        
 ai bi ci (ai-ci) (bi-ci) i (i)
2 
% Cu 0.76 26.0 0.1 0.660 1.295 -0.635 0.4032 
% Mo 0.02 0.60 0.005 0.015 0.030 -0.015 0.0002 
% S 1.22 29.4 0.49 0.730 1.446 -0.716 0.5199 
% Fe 3.36 28.6 2.67 0.690 1.298 -0.608 0.3691 
      SSE 1.2844 
 
 
 
 
Figure 37  Sensitivity analysis of SSE to mass split to rougher concentrate for the 
copper porphyry ore. 
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Because this value of  (0.0257 or 2.57%) was determined based on the experimental 
assay values it is expected to have a range of values, with an associated mean and 
standard deviation, due to the errors associated with the experimental assays as well.  To 
estimate this variation in the rougher mass split a Monte Carlo simulation approach (Press, 
et al., 1992) was applied in which the component assays for each sample were changed 
by adding or subtracting a random fraction of their associated standard deviations (see 
6.2.1).  This random fraction conformed to a Gaussian distribution with a mean of zero and 
a standard deviation of one.  A macro was implemented in Microsoft Excel VBA that 
generated these numbers and to determine the new experimental assay values as: 
𝑎𝑖
𝑒𝑥𝑝 = 𝑎𝑖 ± 𝑆𝐷𝑖 ∙ 𝑔𝑎𝑠_𝑑𝑒𝑣 (71) 
Where: 
 𝑎𝑖
𝑒𝑥𝑝
  = new experimental assay value for component ‘i’ in stream ‘a’ 
 𝑎𝑖  = measured assay value for component ‘i’ in stream ‘a’ 
 𝑆𝐷𝑖  = standard deviation of the associated mean value 
 𝑔𝑎𝑠_𝑑𝑒𝑣 = random factor 
This process was automated to produce a thousand sets of estimated assay values for 
which the optimum  value was then calculated.  In section 3.3.2 to follow details are 
provided on how the standard deviations for the elemental assays were determined for the 
two Case Studies. 
Figure 38 shows the frequency distribution for the calculated values of  from the thousand 
data sets.  From this distribution the mean value of  was determined as 0.0257 with a 
standard deviation of 0.0022, or variation of approximately 8.4%.  This provided a means 
of determining the confidence in the estimated mass recovery to the rougher concentrates 
that can be used to determine the error of the mass flows during mass balancing.  
Figure 39 and Figure 40 show the sensitivity of SSE to the rougher mass split and 
frequency distribution of the mass split from a Monte Carlo simulation, respectively, for the 
IOCG rougher section.  A mean mass split of 0.102 (10.2%) to the rougher concentrate 
was determined with an absolute variation of 0.0078. 
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Figure 38  Frequency distribution for the copper porphyry rougher mass split from 
Monte Carlo simulations. 
 
 
Figure 39  Sensitivity analysis of SSE to mass split to rougher concentrate for 
IOCG ore. 
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Figure 40  Frequency distribution for IOCG ore rougher mass split from Monte 
Carlo simulations. 
 
Calculations for experimental data – scavenger flotation section 
The same process can now be repeated for the scavenger cells for the copper porphyry 
ore.  This is done by making the following substitutions in equations (69) and (70): 
 Replace float feed assays (ai) with rougher tail assays (ci) 
 Replace rougher concentrate assays (bi) with scavenger concentrate assays (di) 
 Replace rougher tail assays (ci) with scavenger tail assays (ei) 
The sensitivity of the sum of errors to the estimated scavenger mass split () is shown in 
Figure 41.  Clearly the scavenger mass split was not as well defined as that of the rougher 
section but a minimum value of SSE was determined at 0.0046 or 0.46%.  Figure 42 
shows the frequency distribution for the calculated value of  from Monte Carlo simulation 
from which the mean value of  was determined as 0.0046 with a standard deviation of 
0.0041, or a variation of approximately 89%. 
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Figure 41  Sensitivity analysis of SSE to mass split to scavenger concentrate. 
 
 
Figure 42  Frequency distribution for scavenger mass split from Monte Carlo 
simulations. 
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3.3.1.2. Size distributions of process streams 
As a first assumption of the standard deviation in the size distributions in each stream the 
Whiten criteria (Runge, 2007) was adapted that states: 
SD =
𝑋
10
+ 0.1 𝑖𝑓 𝑋 ≤ 9 (72) 
and 
SD = 1 if X > 9 (73) 
Where: 
 SD  = estimated standard deviation of measured value of ‘X’ 
 X  = percentage mass retained in size fraction 
3.3.1.3. Head and sized mineral and measured elemental assays 
For both industrial Case Studies in this thesis it was not possible to perform repeat surveys 
under the same conditions to facilitate error models.  To estimate likely errors associated 
with mineral and elemental assays in this research an alternative method was employed 
namely a bootstrap resampling technique (see Evans & Napier-Munn (2013) for 
implementation). 
In a similar way to what is described in Chapter 5, the bootstrap resampling technique was 
applied to a population of particle sections for a particular size class.  During the process 
‘N’ random sections were sampled for which the overall mineral and elemental assays 
were calculated and once the process was repeated ‘M’ times, the mean, standard 
deviation and coefficient of variation for the ‘M’ estimates of mineral and metal content 
were determined.  For this process ‘N’ remained constant at the total number of particle 
sections measured for each stream and size class and the resampling process was 
repeated a thousand times (‘M’ = 1000).  This provided mineral and elemental assays and 
an estimate of their associated standard deviations for the size fractions in all sampled 
streams.  To estimate the mineral and elemental assays for the unsized samples the 
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assays from the size classes for a stream were added according to their weight 
proportions as follows: 
ω𝑖
𝑠 =∑𝑆𝑗
𝑠 ∙ 𝜔𝑖,𝑗
𝑠
𝑛
𝑗=1
 (74) 
Where: 
 ω𝑖
𝑠  = assay (wt%) of component i in stream s 
𝑆𝑗
𝑠  = weight proportion of size class j in stream s 
𝜔𝑖,𝑗
𝑠   = assay (wt%) of component i in stream s and size class j 
𝑛  = total number of size classes in stream s 
Corresponding standard deviations for the unsized assays were then determined as: 
SD𝑖
𝑠 = √∑𝑆𝑗
𝑠
𝑛
𝑗=1
∙ (𝑆𝐷𝑖,𝑗
𝑠 )
2
 (75) 
Where: 
 SD𝑖
𝑠  = standard deviation of assay of component i in stream s 
SD𝑖,𝑗
𝑠   = standard deviation of assay of component i in stream s and 
    size class j 
As an example, Figure 43 shows the magnitude of the coefficient of variation 
(CoV = SD/mean*100) for Cu (left) and Mo (right) obtained by applying the bootstrap 
resampling technique to the copper porphyry ore samples.  Note the differences in the 
scale for the y-axes.  For both cases the concentrate samples yielded the lowest variations 
and this is expected due to the higher concentrations of the elements in the samples, and 
hence a greater proportion of particle sections that carry the elements. 
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Figure 43  Coefficients of variation for Cu (left) and Mo (right) as determined using 
the bootstrap resampling technique. 
 
As the grade of the elements decreased from feed to rougher tail to scavenger tail there 
was a systematic increase in the expected variation in the estimated mean assay values.  
The Mo was present in parts per million (ppm) and as such at a significantly lower 
concentration than the Cu which was present as a percentage of the total mass.  This is 
also reflected in the significant differences in the variations estimated for the two elements.  
It is only when Cu was present at a few hundred ppm, in for example the scavenger tail 
with approximately 500 ppm Cu, that the variations were similar.  In the absence of repeat 
assays the bootstrap resampling technique provided a very useful manner in which 
confidence could be established in information obtained from particle sections. 
Because the bootstrap resampling technique is in essence a statistical counting technique, 
and with the direct relationship between Cu assays and chalcopyrite content the variations 
for chalcopyrite were very similar to those of Cu.  The same was true for the variations in 
molybdenite assays. 
3.3.2. Confidence in selected standard deviations for circuit mass balance 
 
3.3.2.1. Copper porphyry data set 
Due to the absence of duplicate samples from the circuit survey some assumptions about 
the confidence in selected measurements were required to be made and statistical 
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methods to estimate confidence intervals in other cases needed to be applied.  At this 
stage however it is not known if the estimates of confidence intervals were adequate and 
these needed to be determined before full analysis of the mass balances could be 
undertaken in Chapter 6. 
During the mass balance process the weighted sum of squared error (WSSE) for every 
measured data point was calculated as: 
WSSE = (
|𝑋𝑒𝑥𝑝 − 𝑋𝑏𝑎𝑙|
𝑆𝐷
)
2
 (76) 
Where: 
 𝑊𝑆𝑆𝐸  = weighted sum of squared error 
𝑋𝑒𝑥𝑝  = experimental data point value 
𝑋𝑏𝑎𝑙  = data point value from mass balance 
𝑆𝐷  = standard deviation in experimental value 
When variations in the measurements are expected to be small it means that the adjusted 
values will be drawn from the same population as those in the measurements.  The result 
is that the value of (
|𝑋𝑒𝑥𝑝−𝑋𝑏𝑎𝑙|
𝑆𝐷
) will be close to one in this case.  The weighted sum of 
squared error (WSSE) will as such be approximately the same as the number of data 
points that contribute to its calculation (Morrison, 2008b).  During mass balancing however 
some constraints were put in place (i.e. all size fractions ass up to 100%, tail and 
concentrate mass flows add up to feed mass flow) and as such not all data points were 
free to be manipulated in the mass balancing process.  This decreased the degrees of 
freedom for the overall mass balance as well as the expected value of WSSE (Morrison, 
2008b).  As a means of determining if the estimated standard deviations from the previous 
discussions were adequate to allow further data processing, the above criteria for the 
expected value of WSSE was applied.  This was demonstrated using the copper porphyry 
ore data set with only the outcomes discussed for the IOCG ore data set. 
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Let us first introduce the term pooled weighted sum of squared error (PWSSE): 
PWSSE =
WSSE
𝑁 − 𝐷𝑓 − 1
 (77) 
Where: 
 𝑃𝑊𝑆𝑆𝐸 = pooled weighted sum of squared error 
𝑊𝑆𝑆𝐸  = weighted sum of squared error 
D𝑓  = degrees of freedom 
𝑁  = total number of data points contributing to WSSE 
For appropriately selected standard deviations PWSSE will be close to unity.  Values 
significantly larger than this indicate that in some cases the confidence intervals are too 
optimistic (i.e. too narrow) with values much lower than unity indicating that too wide 
confidence intervals are being applied. 
By applying the estimates of standard deviations discussed in section 3.3.1 the WSSE for 
the copper porphyry circuit mass balance was determined as 1532.  In the unsized and 
size-by-size mass balance a total of 275 measurement points contributed to this error.  In 
establishing the mass balance 78 variables were adjusted (mass flows of solids, water and 
minerals) and hence these represent the degrees of freedom.  This enabled the PWSSE to 
be calculated and the result was a PWSSE value of approximately 7.8.  Clearly some of 
the standard deviations used were too small and inspection of the error for individual data 
points was undertaken to establish which ones contributed most to WSSE and PWSSE. 
Figure 44 presents the magnitude of the error for individual data points, sorted to reflect 
the data points with the greatest error on the left hand side.  Only those making up 
approximately 80% of the total error (sum of the WSSE of 1228 out of the total of 1532) 
are shown.  What was noted was that 58% of the error (889 error points out of 1532) was 
associated with assays in concentrate streams.  Clearly the bootstrap resampling 
technique provided confidence intervals that were too narrow.  A more appropriate 
estimate of confidence for these streams would be to apply a well-proven heuristic model 
in the absence of repeat measurements.  A model often applied that behaves in a sensible 
manner is the Whiten criteria (see equations (72) and (73)) and was applied next as an 
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approximation of standard deviations for mineral and elemental content in the rougher and 
scavenger concentrate streams. 
By applying the Whiten criteria to the rougher and scavenger concentrate assays the 
WSSE was reduced to 588 and the PWSSE to 3.0.  By repeating the same process with 
the new estimates of standard deviations for the rougher and scavenger concentrates it 
was observed that approximately 60% of the error was associated with mineral assays that 
were determined from MLA particle sections, primarily in tail samples where mineral 
concentrations were low.  It is expected that these mean assay values may be inaccurate 
since a much smaller mass of particles is measured in the MLA versus a chemical assay.  
It was therefore decided to also apply the same heuristic model (Whiten criteria) to the 
feed and tail samples to determine the standard deviations for the mean values of the 
mineral assays.  By applying this rule to all the mineral assay estimates the WSSE was 
further reduced to 188 and was in the same order as N-Df -1 and the resulting PWSSE 
was 0.96. 
 
 
Figure 44  Data points in copper porphyry ore mass balance sorted to show those 
with larger errors when using initial standard deviation values. 
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Table 9  Error estimated for various data points from the initial confidence 
intervals. 
 
 Data point Error 
Rougher tail % Remainder in +75 m size class 207 
Rougher concentrate % Remainder in -20 m size class 132 
Rougher concentrate % Cu 118 
Rougher concentrate % Cu in -20 m size class 115 
Scavenger concentrate % S in +75 m size class 86 
Rougher concentrate % S in -20 m size class 82 
Rougher concentrate % S 53 
Scavenger concentrate % S in -20 m size class 50 
Scavenger tail % S in +75 m size class 27 
Rougher concentrate % Cu in +75 m size class 25 
Scavenger concentrate % Py in -20 m size class 25 
Scavenger concentrate % Remainder in -20 m size class 24 
Rougher concentrate % Cpy in -20 m size class 24 
Scavenger tail % Cpy in +75 m size class 22 
Scavenger concentrate % Remainder in +75 m size class 20 
Scavenger tail % Cpy in +20 m size class 19 
Rougher concentrate % S in +150 m size class 17 
Row 2 feed % Py in +75 m size class 14 
Rougher concentrate % Remainder in +150 m size class 14 
Scavenger concentrate % Py in +75 m size class 14 
Scavenger concentrate % Cu 13 
Rougher concentrate % Py in +20 m size class 12 
Row 2 feed % MoS2 in +106 m size class 10 
Scavenger concentrate % S 10 
Scavenger tail % Remainder in +20 m size class 10 
Scavenger concentrate % S in +150 m size class 9 
Row 2 feed % Py in +106 m size class 9 
Rougher concentrate % Remainder 8 
Scavenger concentrate % +75 m 8 
Rougher concentrate % Cu in +150 m size class 8 
Rougher tail % Other Cu sulfides in +20 m size class 8 
Scavenger concentrate % S in +106 m size class 8 
Rougher concentrate % Py 8 
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Through this systematic approach the current selection of standard deviations for the 
unsized and size-by-size mass balance for the copper porphyry ore was more appropriate 
when considering the PWSSE criteria and the data was suitable for further analysis.  
During this process no changes were made to the feed and tail assay confidence limits for 
all elements.  Because these come from accredited chemical assays they will have much 
greater confidence than their associated mineral assays estimated from particle sections. 
The same principle was applied when the next level of data was introduced namely the 
perimeter texture-composition class distribution of chalcopyrite.  This increased the 
number of data points to 445 and the degrees of freedom to 165.  By applying the 
standard deviations in the mass proportion of chalcopyrite to each of the texture-
composition class as determined from the bootstrap technique (see Chapter 5) the WSSE 
for the complete mass balance was 315 with a PWSSE of 1.1.  The data used in the 
complete mass balance was as such now appropriate for further analysis. 
3.3.2.2. IOCG ore data set 
The initial estimates of standard deviations for the IOCG ore resulted in a PWSSE of 8.0 
and in a similar way to the copper porphyry data set, individual data points were inspected 
to determine the source of the large errors.  Again the mineral and elemental assays in the 
rougher concentrate were identified for this case and the Whiten criteria was applied as 
the next estimate of confidence intervals for these.  This reduced the PWSSE to 2.2 and 
when the above heuristic was also applied to the feed and tail mineral assays the PWSSE 
was reduced to 1.1 at which point the unsized and sized data was deemed suitable for 
further analysis.  When including the distribution of copper mineral (combined bornite + 
chalcocite) to perimeter texture-composition classes along with the associated standard 
deviations as determined in Chapter 5, the PWSSE was 1.3 without any further 
adjustments to the standard deviations, at which point the complete IOCG ore data set 
was deemed suitable for further analysis. 
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3.4. Part 3 - Mass balancing the Case Study data 
 
3.4.1. Constructing the mass balance structure 
The purpose of a flotation circuit mass balance is to determine a set of adjusted data for 
which the flows in all streams are consistent and obey the laws of mass conservation - 
what goes into a unit must leave again albeit in a different form. 
This should be true on all levels of the data such as unsized mass flows, flows of solids 
and components in each size class as well as the flow of a component within various 
perimeter texture-composition classes.  What is more, flows in-between the different levels 
of data should also obey the laws of mass conservation – as an example: the total mass 
flow of a target mineral within all composition classes for a specific size class should equal 
the total mass flow of that mineral within that size class.  In a similar manner the total mass 
flow of a component within all size classes for a stream should add up to the total mass 
flow (unsized) of that component in the unsized stream. 
The use of commercial mass balancing software packages such as JKSimFloat or MultiBal 
makes this task easy for the user through internal checks and balances built into the 
software.  However, no software exists on the commercial market that can be used to also 
incorporate composition classes for minerals of interest in a single mass balance flow 
sheet.  For this thesis the unsized, sized and finally perimeter texture-composition class 
mass balances for both Case Studies were constructed in Microsoft Excel and details are 
provided below of how this was achieved. 
Figure 45 demonstrates how the mass balances were set up using Microsoft Excel.  The 
mass flows of mineral components in different perimeter texture-composition classes (M1 
etc) were adjusted and the total mass flow for a component across all perimeter texture-
composition classes was summed (M1,1 etc) as feed into the mass flow for a component 
in a particular size class.  The total mass flow for that component within all size classes 
was then summed (M1 etc) as feed into the unsized mass flows for a components.  The 
sum of all the unsized flows of all mineral components (M1+…+MN) determined the total 
solids flow within a stream.  This ensured that the mass flows of components were 
consistent at all levels of a mass balance. 
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The flows of elemental components were treated in the same manner in that the flow of a 
specific element across all size classes was summed (E1) to determine the flow of that 
element on an unsized basis.  The elements were however not adjusted independently but 
determined from the modal mineralogy of the different size classes.  By constructing the 
mass balance in this way the only component that was adjusted on the unsized level was 
the water flow to the different streams. 
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Figure 45  Mass balance structure applied to the Case Studies. 
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3.4.2. Mass balance implementation 
The mass balancing technique applied in this thesis uses split factors for every component 
across the different flotation sections to determine their concentrate and tail flows.  In this 
technique the fraction to the concentrate is presented as a split factor of gi for example and 
the tail fraction is assigned a constant factor of 1.  The feed fraction to a unit therefore has 
a value of -(1+gi).  The negative sign indicates that the feed flow is opposite (in to the unit) 
and as such feed + concentrate + tail flows equal zero. 
To construct a particular circuit (containing N flotation cells or sections) an (N x N) 
connection matrix (D) is used that considers the split of a particular component across all 
flotation units and also provides a description of how the different units connect i.e. recycle 
streams, cells in series and so forth.  The matrix also provides information about the feed 
to the circuit by providing the fraction of a component in the new feed that is directed to 
each unit (an N x 1 matrix  = {1, … N}).  If all new feed goes to the first cell, which is 
normally the case,  in this case would be one for the first cell and zero for the rest. 
As a first step the technique uses inverse matrix multiplication to multiply the connection 
matrix (D) with the feed split matrix () to produce a (N x 1) matrix (S = {S1, … SN}) as 
follow: 
𝐒 =∑(𝑫−1 ∙ 𝜹) (78) 
This (S) represents the tail stream of every flotation cell or section as a fraction of the total 
feed to the circuit (F).  Multiplying this matrix with the new feed flow into the circuit 
produces therefore another (N x 1) matrix (T = {T1, … TN}) that represents the mass flows 
of a component in the tail from each flotation cell or section, as follow: 
𝐓 = −F ∙ 𝐒 (79) 
From the tail flow matrix the concentrate flow matrix (C = {C1, … CN}) is then determined 
as: 
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𝐂 = 𝐓 ∙ g𝑖 (80) 
A series of detailed calculations were provided in Appendix E that demonstrates the 
application of split factors and connection matrixes for a simple unsized data set.  For 
sized or composition data the process will be the same but repeated for every size class 
and composition class. 
3.5. Summary 
This chapter provided details of the different sample data sets applied throughout the 
thesis.  More importantly it also provided comprehensive details on how confidence 
intervals were estimated for the various measurements made in each industrial Case 
Study as these played an important role in the setup and interpretation of the full circuit 
mass balances in Chapter 6.  The outcomes of these mass balances were used to assess 
the overall rougher-scavenger recovery of different perimeter texture-composition classes 
of copper minerals and therefore formed a key part to achieving the aim of this thesis.  It 
also provided details of how the mass balances for the two Case Studies were constructed 
to demonstrate that the whole circuit was considered and that all possible levels of the 
data (unsized, sized and perimeter texture-composition classes) were mass balanced as 
an integrated process instead of independently. 
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CHAPTER 4  ESTIMATING THE SPATIAL ARRANGEMENT 
OF EXPOSED MINERAL GRAINS FROM SINGLE PARTICLE 
SECTIONS 
 
 
“Do in life what pleases you, but always remember to accept the consequences of your 
decisions.” 
- Cornelius Francois Vos 
Father, Grandfather and Great grandfather (1923 - 2013) 
4.1. Introduction  
The aim of the research undertaken in this thesis was to determine the impact of particle 
surface hydrophobic mineral grain distributions on flotation performance – specifically their 
spatial arrangement with regards to one another - and the implications for the forecasting 
of flotation performance.  An important aspect for achieving this was the ability to have a 
means of determining this specific textural feature to allow for the quantitative assessment 
of the flotation performance of particles having different spatial arrangements of exposed 
hydrophobic minerals grains. 
There currently exist a number of textural indicators of minerals within particles of which 
knowledge of particle composition and liberation are the only two to be applied to date to 
predict the flotation response of composite particles.  The others, although known to affect 
flotation separation, are applied more as parameters to diagnose processing behaviours 
and have not found their place in property-based models yet.  In addition, none of these 
indicators provide a description of the spatial distribution of exposed grains but rather of 
the bulk texture (grain size, intergrowth complexity, phase-specific surface area) of the 
minerals and are therefore not suitable to be applied directly to address the aim of this 
thesis. 
The work undertaken in this chapter, therefore, sought to address thesis objective one by 
testing three potential indicators as a means of determining a suitable index that could be 
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used to estimate the spatial distribution of exposed hydrophobic minerals grains, that is 
also relevant to flotation. 
4.2. Method development  
The approach taken was to use MLA particle section images and to implement a new 
image processing routine that enabled three potential indicators for the spatial 
arrangement of exposed grains to be determined and assessed for their ability to provide 
adequate textural discrimination to account for the observed exposed grain textures in the 
Case Study ores investigated in Chapters 5 and 6 of this thesis.  Microsoft Excel’s Visual 
Basic for Applications (VBA) was used as the programming platform in which the macros 
were developed and tested and the work comprised three aspects. 
Firstly the VBA macros were implemented to extract pixel-by-pixel information from particle 
section images and this was used to approximate particle composition (areal, weight and 
perimeter) as well as the overall modal mineralogy for a measured population of particle 
sections using a previously published data set (Bradshaw & Vos, 2013).  The outcomes 
were compared to the liberation and composition data provided by the well-accepted MLA 
DataView software (Fandrich, et al., 2007).  This first step was required to ensure 
adequate confidence in the VBA macros used.   
In the second part, particle section images from the same data set (Bradshaw & Vos, 
2013) were selected and used and three potential indicators were assessed for their ability 
to discriminate between: 
 Multiple exposed grains grouped close together (see Figure 54 (i)) 
 Multiple exposed grains located further apart from one another (see Figure 54 (ii)) 
 Multiple exposed grains where one of the grains is very small and therefore expected 
to contribute very little to the textural complexity, and therefore flotation performance, of 
the target mineral (see Figure 55) 
Selected MLA particle section images from concentrate and tail samples - representing the 
three types of textural features described above - were used for this phase.  The outcomes 
were also assessed by comparing macro estimates with manual calculations as 
appropriate to determine if the VBA macros used produced the expected answers. 
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Lastly, the most appropriate indicator was automated and applied to a flotation feed 
sample (-300 + 150 m size class) from a different ore, an iron-oxide-copper-gold (IOCG) 
ore, to demonstrate the application of the new texture indicator to a population of particle 
sections.  This same ore was used later in this thesis as an industrial Case Study (see 
Chapter 6) where the recovery behaviour of particles with different textures of the exposed 
copper mineral grains was evaluated.  Details of this particular ore are provided in 
Chapter 3. 
Although it is acknowledged that stereological corrections are needed to produce accurate 
estimates of true mineral liberation, texture and particle composition from particle sections 
(King & Schneider, 1998; Lin & Miller, 1997; Miller & Lin, 2009), adequate stereological 
correction techniques are still being sought (Lin, et al., 1999; Lin & Finch, 2000).  For this 
work stereological corrections were not incorporated, instead, attention was given to 
developing a technique for estimating the spatial arrangement of exposed hydrophobic 
mineral grains by considering the grain sections at the perimeter of single particle sections. 
When estimating particle characteristics such as the abovementioned from sectioned 
images it is essential to also understand the degree of uncertainty that accompanies the 
characteristic.  This subject was addressed in Chapter 5 in which the bootstrap resampling 
technique was adapted to answer key questions related to the confidence intervals for the 
mass proportions of a mineral within given particle perimeter texture-composition classes 
and the implication of this for circuit mass balancing and flotation recovery assessments of 
the various classes of particles. 
4.2.1. Stage 1:    Reproducing particle section information 
A first step was to export classified particle section images individually to provide the input 
data for image processing using the new VBA macros.  Each pixel within a measured 
particle section represents an approximated projected area element of the parent particle 
and through this, the particle areal composition for each mineral was approximated by 
summing the area elements for each mineral within a particle section as follow: 
k =
∑ ∑ ij,k
N
j=1
M
i=1
∑ ∑ ij
N
j=1
M
i=1
∙ 100 (81) 
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Where: 
 M, N  = width, and height respectively of image in pixels 
 ij,k  = pixel area of mineral ‘k’ at matrix element ‘i-j’ 
k  = estimated areal composition of mineral phase ‘k’ in particle 
 ij  = pixel area of particle at matrix element ‘i-j’ 
The volumetric composition of each mineral was then assumed to be equal to its estimated 
areal composition and this was applied to determine the mass composition of each mineral 
in a sectioned image as follow: 
Mk =
k ∙ SGk
∑ (i ∙ SGi)
Q
i=1
∙ 100 (82) 
Where: 
 Mk   = Mass composition (%) of mineral ‘k’ in particle 
 SGk / SGi  = Specific gravity of mineral ‘k’ or ‘i’ 
Q   = number of individual minerals in the ore 
The mineral composition of the perimeter of each particle section was obtained by 
extracting perimeter pixel information using a method called “Moore-Neighbour Tracing” 
(Ghuneim, 2000) and this technique is discussed in more detail in section 4.2.1.1.  
Figure 46 shows a summary of the concept and also illustrates its ability to accurately 
trace the perimeter of an artificial particle.  The dot at the bottom of the original image 
indicates the starting pixel for the algorithm and moving clockwise in this case, the activity 
terminates once it reaches the starting pixel a second time. 
In a similar manner to the areal composition (equation (81)), the perimeter composition of 
a mineral for a particle section was determined as the exposed perimeter length of that 
mineral divided by the particle section perimeter length.  By combining the mass 
composition and perimeter composition information of the sectioned images the classic 
mineral liberation distribution characteristics, frequently used to interrogate flotation 
separation inefficiencies, was reproduced (Miller, et al., 1982; Sutherland, 1989; Vianna, 
2004; Ralston, et al., 2007; Evans, 2010; Jameson, 2012; Perez-Barnuevo, et al., 2013). 
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Figure 46  Tracing the perimeter of an artificial particle using Moore-Neighbour 
algorithm (Ghuneim, 2000). 
 
To satisfy the requirement for this initial step of the work and to ensure further image 
processing can be done, the VBA macros were applied to MLA particle section images 
from a previously published dataset (Bradshaw & Vos, 2013).  A concentrate and tail 
sample were selected and for each sample, two size fractions were considered namely        
-300 +150 m and -75+38 m.  Identical mineral groupings were applied for comparing the 
outputs of the VBA macro to that of the DataView software.  The comparisons (Figure 47 
to Figure 49) are made in terms of: 
 Overall modal mineralogy for a measured particle section population (covellite, 
chalcocite, pyrite, other Cu sulfides quartz and remainder) 
 Particle mass distribution based on the total perimeter composition of a target mineral, 
chalcocite in this case 
 Chalcocite mass distribution based on its total perimeter composition 
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Figure 47  Comparison of modal mineralogy estimates using DataView and Excel 
VBA in this work. 
 
 
Figure 48  Comparison of particle mass distribution - based on total exposed 
perimeter composition of chalcocite - using DataView and Excel VBA in this work. 
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Figure 49  Comparison of chalcocite mass distribution - based on its total exposed 
perimeter composition - using DataView and Excel VBA in this work. 
 
From this comparison, it is concluded that the new VBA macros reproduced the DataView 
information accurately and further image processing can be undertaken. 
4.2.1.1. Extracting particle perimeter information 
In order to estimate the spatial arrangement of exposed target mineral grains at the 
perimeter of particle sections it was necessary to map the pixels making up the perimeter, 
and to apply this information towards compiling a technique that may be used to quantify 
the differences between the exposed grain arrangements to allow the analyses of the 
impact of these differences on flotation separation. 
To map the perimeter for a given particle section, the “Moore-Neighbour Tracing” algorithm 
was employed (Ghuneim, 2000).  Figure 50 presents the concept of an 8-connectivity 
Moore neighbour of a pixel as it was applied in the technique and a simplified description 
of the VBA macro is presented in Figure 51. 
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Figure 50  Demonstration of the concept of a Moore-neighbourhood of a pixel 
(Ghuneim, 2000). 
In this thesis the Moore neighbour approach was implemented using an 8-connectivity and 
therefore the diagonal perimeter step lengths may be estimated as 2.  However, for this 
work the ratio of the number of target mineral pixels to the total number of perimeter pixels 
was used (composition) instead of absolute lengths and as indicated by a comparison to 
MLA data as per Figure 49, it had limited implications on the outcomes. 
The outputs presented in Figure 48 and Figure 49 demonstrate that this technique 
successfully extracted the perimeter composition of measured particle section images as 
the estimates were the same as those generated by the MLA DataView software. 
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Algorithm structure for ‘Moore-Neighbour Tracing’ 
 
Input: A particle section image, T, containing a connected component P of pixels. 
 
Define M(a) to be the Moore neighbourhood (see Figure 50) of pixel a. 
Let p denote the current boundary pixel. 
Let c denote the current pixel under consideration i.e. c is in M(a). 
 
Begin ‘start of Moore-Neighbour trace algorithm 
 
    Set B to be empty. 
    From bottom to top and left to right scan the pixels of T until a boundary pixel, s, of P is 
found. 
    Insert s in B. 
    Set the current boundary point p to s 
    Move to the pixel from which s was originally entered. 
    Set c to be the next clockwise pixel in M(a). 
     
    While c not equal to s do 
 
       If c is blank 
        insert c in B 
        set p = c 
        move the current pixel c to the pixel from which p was entered 
       else 
        advance the current pixel c to the next clockwise pixel in M(a) 
       end if 
 
    End While 
 
Output: A sequence B (b1, b2,..., b
k
) of boundary pixels representing the particle section 
perimeter. 
 
End  ‘Moore-Neighbour trace algorithm completed 
 
Figure 51  Basic structure of the Moore-Neighbour algorithm (Ghuneim, 2000) used 
to extract particle section perimeter information. 
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4.2.2. Stage 2:    Quantifying texture complexity of exposed mineral grains 
In this stage, three options were investigated to determine if any of these options were an 
appropriate method of estimating the spatial arrangement, and hence textural complexity, 
of exposed mineral grains at the perimeter of particle sections. 
4.2.2.1. Number of exposed perimeter lengths (ND) 
As a first approximation the number of grains exposed at the particle surface, estimated by 
determining the number of discrete exposed perimeter lengths for a target mineral, was 
determined.  The application of such an approximation to selected particle sections is 
demonstrated in Figure 52 where ND represents the calculated number of grains exposed 
at the particle perimeter and this was compared to manually counting the number of 
exposed grains from particle sections (Count) and demonstrates that the number of 
exposed grains for a mineral were determined accurately. 
 
 
Figure 52  Determining the number of exposed perimeter lengths for a mineral of 
interest (dark mineral). 
 
During this process the proportion of the total exposed perimeter length for a mineral 
contributed by each exposed perimeter length section was also calculated as: 
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𝑘,𝑖 =
𝐿𝑘,𝑖
∑ 𝐿𝑘,𝑗
𝑁𝑘
𝑗=1
∙ 100 (83) 
Where: 
k,i  = Proportion of i-th exposed perimeter section for mineral ‘k’ to total   
      exposed perimeter length of mineral ‘k’ 
Lk,i / Lk,j = Exposed perimeter length of mineral ‘k’, for i-th or j-th exposed  
      section portion 
 Nk  = Number of discrete exposed sections for mineral ‘k’ 
This was, however, a very simplistic representation of the structure of exposed grains and 
yielded no information on how these were spatially arranged.  Consider the exposed 
grains in Figure 53.  Image (i) shows two exposed grains located close to one another and 
image (ii) shows three exposed grains with one of them located at a greater distance.  In 
quantifying the spatial arrangement of mineral grains it is of interest to distinguish between 
these cases if one is to determine if they have different processing characteristics such as 
flotation recovery – assuming the total exposed perimeter fraction for the target mineral, in 
this case, is the same.  This was addressed next. 
 
           
Figure 53  MLA sectioned images of particles showing differences in the 
distribution of mineral grains at the perimeter. 
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4.2.2.2. Relative perimeter distribution of exposed mineral grains (NDI) 
To address the deficiency of the initial indicator in section 4.2.2.1 the relative perimeter 
distribution (NDI) of the exposed grains for a mineral at the perimeter of particle sections 
was established next by also taking into account the perimeter length of the other minerals 
in-between the target mineral grains. 
To demonstrate this concept, the particle sections from Figure 53 are presented in 
Figure 54 with additional information.  The numbers in Figure 54 represent the exposed 
perimeter lengths (taken directly from the image files) for the mineral of interest (cyan) as 
well as those in-between each of its grains.  The relative perimeter distribution of the 
grains for the target mineral (NDI) was then calculated as follows: 
N𝐷𝐼 =
𝑇𝑜𝑡𝑎𝑙 𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑝𝑖𝑥𝑒𝑙𝑠 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑏𝑦 𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡
𝑇𝑜𝑡𝑎𝑙 𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑝𝑖𝑥𝑒𝑙𝑠 𝑠𝑝𝑎𝑛𝑛𝑒𝑑 𝑏𝑦 𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡
 (84) 
 
 
 Figure 54  Representation of Figure 53 with the inclusion of perimeter length 
information to demonstrate the use of equation (84). 
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For Figure 54 (i) NDI was: 
N𝐷𝐼,(𝑖) =
29 + 8
29 + 17 + 8
= 0.685 (85) 
For Figure 54 (ii) NDI was: 
N𝐷𝐼,(𝑖𝑖) =
22 + 49 + 36
22 + 43 + 49 + 123 + 36
= 0.392 (86) 
The lower value of NDI for Figure 54 (ii) indicated a greater total perimeter length spanned 
by the exposed grains of the target mineral, suggesting a greater exposed grain texture 
complexity assuming the total exposed perimeter fraction was the same for the two cases.  
A value of NDI close to unity indicates that the exposed grains if multiple are present, are 
close in proximity to one another and may be approximated as a single exposed grain. 
It is useful to examine the theoretical lower limit that NDI could attain as this is a function of 
the total perimeter composition of a mineral.  If we consider equation (84) it can be 
established that the greatest possible value for the denominator is that of the total particle 
section perimeter length.  As such NDI cannot attain values lower than: 
N𝐷𝐼,𝑚𝑖𝑛 =
𝑇𝑜𝑡𝑎𝑙 𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑝𝑖𝑥𝑒𝑙𝑠 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑏𝑦 𝑚𝑖𝑛𝑒𝑟𝑎𝑙 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡
𝑇𝑜𝑡𝑎𝑙 𝑝𝑖𝑥𝑒𝑙𝑠 𝑚𝑎𝑘𝑖𝑛𝑔 𝑢𝑝 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟
 (87) 
This is designated NDI,min and represents the total exposed perimeter fraction occupied by 
a target mineral.  The fact that equation (87) predicts certain texture complexity classes to 
be empty indicates partial redundancy between the indicators and this is a subject to be 
confirmed in the latter part of this chapter. 
There are, however, multiple ways in which equation (84) could have been applied to the 
images in Figure 54, and the above calculations applied a very specific combination of 
valuable and gangue mineral perimeter lengths.  The large perimeter length for the gangue 
mineral in Figure 54 (i) comprised 294 perimeter units and for Figure 54 (ii) the large 
gangue mineral perimeter length comprised 403 perimeter units.  If it was assumed that 
the perimeter spanned (denominator in equation (84)) was from the left-hand size grain (in 
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Figure 54 (i)) clock-wise until the second grain was reached then a calculation using 
equation (84) would yield: 
N𝐷𝐼,(𝑖) =
29 + 8
29 + 294 + 8
= 0.112 (88) 
For image (ii) the outcome was 0.169 which indicated that from a perimeter texture 
perspective the two were not different. 
To be able to better distinguish between grains grouped close to one another (image (i)) 
and grains spread apart (image (ii)) the minimum perimeter length spanned in each case 
was considered and this is represented by the specific combination of valuable and 
gangue mineral perimeter lengths in Figure 54. 
This indicator provided a quantitative descriptor of the spatial arrangement of exposed 
grains for a mineral from particle sections.  There was however still a shortcoming in the 
fact that it did not take into account the scenario presented in Figure 55 whereby a single 
exposed grain of a mineral accounted for only a very small proportion of the total exposed 
perimeter length. 
 
           
Figure 55  An MLA polished section image showing the case in which the exposed 
perimeter of a mineral phase comprises a large exposed grain and a very small 
grain. 
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If equation (84) was applied to the image in Figure 55 the value of NDI would be very low 
signifying a complex perimeter grain texture.  In actual fact, the perimeter grain texture 
was simple with a large exposed grain on one side and a very small grain on the other that 
does not contribute significantly to the total exposed perimeter length, and as such did not 
contribute greatly to the complexity in this case.  This was another characteristic that 
needed to be captured more accurately to describe the distribution of exposed mineral 
grains from particle sections and was addressed next. 
4.2.2.3. Weighted perimeter distribution of exposed mineral grains (NDC) 
To accommodate the fact that small exposed grains may make a small contribution 
towards the complexity of the exposed perimeter texture a combination of equations (83) 
and (84) was applied to determine the weighted perimeter distribution of exposed mineral 
grains (NDC) and this is explained using Figure 56.  Figure 56 (i) represents a particle 
section where the target mineral was exposed via two grains.  One of these however only 
accounted for approximately 11% of the total exposed perimeter length.  Figure 56 (ii) 
represents a particle section in which the target mineral was exposed via four grains.  In 
this case, each accounted for 25% of the total exposed perimeter length. 
 
Figure 56  (i) MLA particle section showing the exposed perimeter of a particle 
comprises a large exposed mineral grain and a very small grain and (ii) modified 
image showing the case where the exposed perimeter of a particle comprises 
multiple mineral grains. 
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Although both particle sections had the same total exposed perimeter composition for the 
target mineral, in image (i) the very small grain was likely to contribute very little to flotation 
compared to the large grain and in this case the exposed perimeter proportion for the 
target mineral could be approximated by considering only the large exposed grain.  For 
image (ii) all exposed grains had equal contribution to the total exposed perimeter length 
of the target mineral and these were considered as such. 
To achieve the required level of textural discrimination the value of equation (84) was 
determined on a cumulative basis as the perimeter algorithm stepped from one perimeter 
pixel to the next.  To achieve this, the perimeter mapping algorithm started at a location 
(indicated by the star symbols in Figure 56) that did not represent the target mineral and 
proceeded clockwise until it reached the starting pixel again.  At every pixel, the value of 
equation (84) was calculated based on the cumulative pixel information up to that point.  
By starting at a pixel that did not represent the target mineral the algorithm did not 
commence accumulating the numerator and denominator in equation (84) until the first 
target mineral pixel was reached, the initial value of NDI, in this case, was thus unity. 
To demonstrate the calculation of NDI on a cumulative basis, consider the artificial particle 
section in Figure 57.  The perimeter consisted of three exposed grains for the target (cyan) 
mineral each representing 28.6, 14.3 and 57.1% of the total exposed perimeter for that 
mineral, respectively.  The calculation of equation (84) for this case is shown in Figure 58 
with the starting pixel represented by the black dot in Figure 57. 
The outcome of this calculation can also be visually represented in a graph as is shown in 
Figure 59 which has the following feature that is important and was applied to determine 
the weighted perimeter distribution of target mineral grains at the perimeter of particle 
sections. 
 The three peaks (indicated in the graph) represented the maximum values obtained as 
each of the three grains were included in the calculation along the image perimeter. 
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Figure 57  Artificial particle section to demonstrate the calculations using equation 
(84) on a cumulative basis. 
 
 
 
Figure 58  Perimeter pixel information for artificial particle in Figure 57. 
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Figure 59  Outcome of the calculation of the cumulative weighted distribution for 
the target mineral phase from Figure 57.  
 
To determine the weighted perimeter distribution (NDC) for the target mineral the following 
calculation was applied: 
N𝐷𝐶 =∑ [𝜃𝑖 ∙ 𝑃𝑖]
𝑁
𝑖=1
 (89) 
With: 
 i  = the proportion of exposed grain “i” relative to the total  
       exposed perimeter for the target mineral 
 Pi  = representing the maximum value of NDI reached for each  
       grain inclusion (peaks in Figure 59) 
N  = the number of exposed grains at the particle section  
      perimeter 
For the case in point the calculation was as follow: 
N𝐷𝐶 =∑ [𝜃𝑖 ∙ 𝑃𝑖] = (0.286 ∙ 1.0 + 0.143 ∙ 0.38 + 0.571 ∙ 0.47) = 0.606
3
𝑖=1
 (90) 
Equation (52) denominator 
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When the same calculation was applied to image (i) in Figure 56 the result was 0.902.  
This was interpreted that the weighted exposed perimeter proportion of the target mineral, 
in this case, was approximately 90% of the total exposed perimeter proportion and is in 
agreement with the fact that the single large exposed grain accounts for approximately 
89% of the total exposed perimeter for the target mineral. 
When the same calculation was again applied to image (ii) in Figure 56 the result was 
0.318.  This was interpreted that the weighted exposed perimeter proportion of the target 
mineral, in this case, was approximately 32% of the total exposed perimeter proportion.  
Image (ii) was generated by ensuring the four exposed grains each accounted for 25% of 
the total exposed perimeter of the target mineral.  The calculated weighted value of 32% is 
hence in close agreement.  The fact that this value was slightly higher may be due to the 
fact that the perimeters of the minerals in-between the exposed grains were not equal in all 
cases and as such some of the four grains contributed slightly more towards the final value 
i.e. were perceived as closer together that resulted in a slightly higher overall value for 
NDC. 
By accounting for the exposed perimeter length of each exposed grain as well as the 
length of the perimeter in-between them it was possible to distinguish between the case 
where the particle perimeter comprised predominantly a single exposed target mineral 
grain and that where multiple grains were exposed that contributed to the complexity of the 
perimeter texture. 
4.2.2.4. Concluding remarks on method development 
In this chapter, an indicator was developed that estimate the spatial arrangement of 
exposed mineral grains at a particle section perimeter from MLA particle sections. 
A technique known as “Moore-Neighbour Tracing” (Ghuneim, 2000) was implemented to 
map the perimeter of particle sections and three approaches were considered as possible 
indicators of perimeter texture complexity.  Determining the total number of exposed grains 
did not yield any information about the proximity of the exposed grains to one another.  
Determining the relative perimeter distribution of exposed grains (NDI) using the expression 
in equation (84) partially addressed this need and yielded a way of quantifying the extent 
to which the exposed grains are disseminated or grouped (see Figure 54).  Application of 
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this revised technique however again highlighted a gap in that it did not consider the 
special cases when exposed grains contribute only in a limited way to the textural features 
of the particle perimeter.  Such cases are depicted in Figure 55 and Figure 56 (i).  
Application of equation (84) to these cases overestimated the textural complexity through 
low values of NDI. 
It was necessary to develop a third approach to account for the fact that not all exposed 
grains have equal weighting when determining perimeter textural complexity.  To 
incorporate this aspect the weighted perimeter distribution of the exposed mineral grains 
(NDC) was determined and included the total number of exposed mineral grains, their 
relative distribution at the perimeter and also accounted for their potential unequal 
contributions to textural complexity by considering each grain’s proportion of the total 
exposed perimeter for a mineral.  The application of this approach to the particle section 
images in Figure 56 yielded results that demonstrated this to be a realistic approach. 
In the section that follows this latter method (NDC) was automated to enable a large 
number of images, such as those obtained from MLA measurements, to be processed 
automatically.  The additional information on exposed perimeter textural characteristics 
was then applied to further investigate the nature of the particle perimeter textures in 
flotation feed streams in addition to only considering the total exposed perimeter 
composition.  Although some limitations are identified in terms of the robustness of this 
indicator (for example the choice of starting point will change its value), the proposed 
indicator is a suitable candidate for future modelling purposes as it is based on a sound 
understanding of flotation principles. 
4.2.3.  Stage 3:   Application to particle section images from a flotation feed stream 
The weighted perimeter distribution technique (NDC) was applied to an industrial flotation 
feed data set to gain insights on how the exposed grain texture of a target mineral may 
influence the mass distribution of that mineral within perimeter composition classes.  The 
data set was from an IOCG ore with bornite and chalcocite as the main copper-bearing 
minerals and additional details for this ore are given in Chapter 3. 
To demonstrate the application of this new texture indicator or index the mass proportions 
of copper minerals (bornite + chalcocite) in three size classes were first divided into 
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particle perimeter composition classes based on 20% intervals of the combined bornite 
and chalcocite perimeter composition. 
Each of the six perimeter composition classes was then sub-divided into five perimeter 
texture classes as follow: 
0.0 < NDC <= 0.2 ; 0.2 < NDC <= 0.4 ; 0.4 < NDC <= 0.6 
0.6 < NDC <= 0.8 ; 0.8 < NDC <= 1.0 
In Figure 60 a selection of MLA particle section images have been classified according to 
their perimeter texture-composition classes and demonstrate the more disseminated 
nature of the exposed grains when the value of NDC is low. 
 
Perimeter 
Composition 
Class (‘X’) 
Texture Class (‘Y’, NDC) 
0.2 – 0.4 0.4 – 0.6 0.6 – 0.8 0.8 – 1.0 
0 - 20 
    
20 - 40 
No particles 
in this class 
   
40 - 60 
No particles 
in this class 
No particles 
in this class 
 
 
  
Figure 60  Classification of MLA particle section images according to perimeter 
composition and texture classes for the -300+150 m size class in the IOCG flotation 
feed sample.  
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The mass proportion of copper minerals within each perimeter composition class was also 
distributed into the different texture classes.  As an example, Figure 61 shows the 
distribution of mass for the copper minerals to each of the exposed perimeter texture-
composition classes for three size classes. 
 
Figure 61  Mass proportion of copper-bearing minerals (‘Z’) in each perimeter 
composition-texture class for three size classes in the IOCG flotation feed sample. 
 
These mass proportions were also be used to extend the current cumulative liberation 
curves by incorporating the distribution of target mineral mass within each perimeter 
composition class to the texture classes.  An example of such a new graph is shown in 
Figure 62 for the -300+150 m size class and shows the contributions of copper mineral-
bearing particles that have texturally complex exposed perimeters. 
 
 
X = Liberation class mid-point
Y = Texture class mid-point
Z = Mineral mass proportion
+150 m +22 m
-11 m
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Figure 62  Extension of the current mineral distribution by particle composition 
curve for copper-bearing minerals by incorporating exposed perimeter texture 
complexity for the IOCG ore within the -300+150 m feed size class.  
 
4.3. Key findings 
Three methods for estimating the exposed perimeter grain texture complexity of a target 
mineral were evaluated in this chapter.  It was shown that to accurately describe this 
textural feature from particle sections it was important to consider the perimeter length of 
each exposed target mineral grain relative to the total exposed perimeter length for that 
mineral, in addition to considering the perimeter length of the other minerals in-between 
each exposed target mineral grain section.  In doing so partial support for hypothesis 1 
was provided which states: “An index can be derived from particle sections to estimate the 
spatial arrangement of exposed grains by considering the number of exposed grains and 
the total perimeter over which the grains are spread and this index is relevant to flotation 
performance.”  This was an important outcome as it is the first indicator that not only 
considers the relative size of the exposed target mineral grains but also the nature of their 
clustering or not, a feature not previously reported.  This was termed the weighted 
perimeter distribution for exposed mineral grains (NDC) and lower values of this indicator, 
within a given perimeter composition class, were associated with a greater spreading apart 
of the exposed target mineral grains, as is seen in Figure 60. 
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When this new index (NDC) was applied to flotation feed particle sections for an IOCG ore it 
allowed for the distribution of copper mineral mass to be determined as a function of NDC 
over and above just considering the perimeter composition, as is frequently done.  The 
mass of copper mineral that had complex copper mineral exposed grain textures (low 
values of NDC) were the greatest for the coarsest size class (-300+150 m) and a decline 
in this mass proportion was observed when the particle size was reduced.  This was not 
an unexpected finding since for finer particles a greater proportion of the copper mineral 
grains were exposed and because they also made up a greater portion of the particles the 
exposed perimeter textures became simpler.  This is however an important outcome from 
a flotation separation perspective as it indicates that complex particle perimeter textures 
are more likely to be present in coarser composite particles, an aspect overlooked by 
Fosu, et al. (2015a) when they compared the laboratory flotation recoveries of different 
texture classes by considering a wide range (75-600 m) of particle sizes.  Although a 
theoretical analysis of the indicator showed that the lower value of NDC was constrained to 
that of the fractional perimeter composition for a target mineral, for the IOCG feed size 
classes no textural complexity in the exposed copper mineral grains was present for 
particle perimeters that comprised more than approximately 40% of the copper mineral.  
This was another important outcome as it showed that to study the impact of this textural 
characteristic for this ore it will be required to do so within specific size and perimeter 
composition classes.  The fact that it is now possible to estimate the exposed grain textural 
features within size and perimeter composition classes means that its impact on flotation 
separation can be evaluated for the first time at this level to provide the final part of the 
proof needed to support hypothesis 1 namely whether it is relevant to flotation or not.  This 
was investigated in Chapter 6.  The results from this chapter further raise an interesting 
aspect with regards to the linearity of this indicator within perimeter composition classes, 
as is reflected with the empty cells in Figure 60. 
As with any measurement obtained using particle sections, it is important to understand 
the feasibility of selecting a specific group of perimeter texture-composition classes, per 
size class, for investigation and to have the means of estimating confidence intervals in the 
mean mineral mass proportion within each class.  This was a key part of the input 
information need for mass balancing and overall flotation recovery assessments in 
Chapter 6 and was addressed in the next chapter. 
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CHAPTER 5  ESTIMATING CONFIDENCE INTERVALS IN 
PERIMETER TEXTURE CLASSES OBTAINED FROM PARTICLE 
SECTION IMAGES 
 
 
“It isn't the mountain ahead that wears you out; it's the grain of sand in your shoe.” 
- Robert W. Service 
Scottish poet (1874 - 1958) 
5.1. Introduction 
Quantitative mineralogical data is an extremely useful tool in mineral processing as is 
observed through its many applications in the literature (Sutherland, 1989; Sutherland & 
Gottlieb, 1991; Sutherland, et al., 1991; Bojcevski, et al., 1998; Miller, et al., 2009; Evans, 
2010; Ford, et al., 2011; Bushell, 2012) and the routine acquisition of this type of 
information through automated SEM-based systems such as the MLA (Gu, 2003; 
Fandrich, et al., 2007) has become an integral part of process optimisation.  
Measurements are made on a small subset of particles taken as being representative of 
the whole population of particles in each stream and the quality of the information relies on 
the appropriate selection and sampling of process streams (Gy, 1982).  Errors may be 
introduced due to the sampling techniques being applied and because measurements are 
made on a small proportion of particles the grade of the components of interest also play a 
key part in determining the quality of the measurement outputs.  Confidence in the data 
may be increased by generating multiple polished blocks for measurements (Vianna, 
2004; Lamberg & Vianna, 2007) but this is an expensive option not always applied in 
practice and alternative methods have therefore been developed to estimate the 
confidence intervals for the different types of quantitative mineralogical information that 
can be produced. 
The bootstrap resampling technique (Efron, 1979; Efron, 1987; Chernick, 1999) is one 
such method and has been demonstrated to be very useful in generating statistical 
confidence in textural characteristics of particles such as mineral grain size distributions 
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(Evans & Napier-Munn, 2013) and particle composition (Mariano & Evans, 2015; Leigh, et 
al., 1993).  It has also been shown to have applications in areas outside of quantitative 
mineralogy such as batch flotation recovery-grade curves (Napier-Munn, 2012) where the 
outcomes are also subject to experimental error. 
In Chapter 4 a new perimeter texture indicator was developed that provided an estimate of 
the spatial arrangement of exposed target grains from particle sections.  The data was 
interpreted by calculating the mass proportion of a target mineral present in the different 
perimeter texture-composition classes and when estimating quantitative mineralogical 
characteristics such as this from sectional images it is essential to understand the degree 
of uncertainty that accompanies the estimated properties (Evans & Napier-Munn, 2013; 
Mariano & Evans, 2015).  The work presented in this chapter addressed objective two and 
aimed to determine the magnitude of the errors associated with the mass proportion of a 
target mineral within specific perimeter texture-composition classes and how this impacted 
on the choice of perimeter texture-composition classes to be assessed. 
The approach taken was to apply the new texture indicator method to rougher flotation 
feed, combined rougher concentrate and rougher tail sample size classes, obtained from 
surveying an industrial IOCG ore flotation circuit, and to determine the mass proportions of 
copper minerals within different perimeter texture-liberation classes for each size class.  
The bootstrap resampling technique was then applied to the various populations of 
measured particle sections to address the following five key questions related to the 
confidence intervals in the mass proportions of copper minerals within each perimeter 
texture-composition class: 
1. What is the impact on confidence when sub-dividing the mass proportion of a target 
mineral within a perimeter composition class to texture classes? 
2. Can greater confidence be obtained in the measured data if more particle mounts are 
prepared for measurement? 
3. Can the information obtained from the bootstrap technique be used to guide decision-
making in deciding how the particle sections should be grouped within perimeter 
texture-composition classes for further analysis and mass balancing? 
4. Does the grade of the target mineral in the sample have an influence on the choice of 
viable perimeter texture-composition classes for further analysis and mass balancing? 
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5. Can we have confidence in the prediction of the coefficients of variation for sample 
sizes larger than those from which the correlations were derived (related to 
question 2)? 
5.2. Experimental procedures 
 
5.2.1. Sample preparation 
The IOCG samples used in this study were selected because the ore presents a relatively 
high proportion of particle sections that exhibit complex perimeter textures for the copper-
bearing minerals.  Samples of rougher flotation feed, combined rougher concentrate and 
rougher tail streams were collected as part of a larger sampling survey and were chosen 
for use in this research.  Additional information of the samples and sample processing 
methods is given in section 3.2.2.  Refer to Table 12 and Table 22 for the number of 
particle sections measured for each size class using the MLA. 
High-quality images from automated SEM measurement systems such as the MLA are 
very dependent on the sample preparation techniques applied prior to measurement (Latti, 
2006).  For the samples used in this chapter two sample preparation techniques were 
applied depending on the particle size. 
5.2.1.1. Coarse (+38 m) MLA sample preparation method 
In this method a resin was infused into a particle bed through Vacuum Impregnation.  This 
ensured that all pores connected to the surface were filled with resin and this also had the 
benefit of reinforcing fragile material in the sample.  This minimised potential sample 
preparation artefacts such as pull-outs, cracks or un-opened porosity. 
5.2.1.2. Fine (-38 m) MLA sample preparation method 
When large differences in mineral densities are present, as was the case with the copper 
minerals, magnetite and silicate gangue for the IOCG ore, density segregation may occur 
which may result in erroneous estimates of the amount of minerals presents, in particular 
the heavier minerals in the bulk sample.  To ensure this was minimised a technique was 
applied in which a sample was set in epoxy and afterwards cut in half across its diameter.  
One half was then mounted in a normal resin block. 
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Figure 63 shows (from left to right) an empty plastic tube, a tube with the sample set in 
epoxy, a tube mount sample which had been removed from the tube and cut in half across 
its diameter and, finally, the section of tube mounted in a normal resin block. 
 
 
Figure 63  Photograph showing the four stages in the preparation of an MLA 
mount for the measurement of fine particles (JKMRC, 2004). 
 
5.2.2. Perimeter texture analysis 
The NDC value for each copper mineral-bearing particle section was calculated by 
analysing the particle section images from the MLA measurements on each size fraction 
using the method described in section 4.2.2.3.  Based on the value of NDC the mass 
proportion of copper minerals within different perimeter texture-composition classes were 
determined.  Six particle perimeter composition classes were selected and each was 
further divided into six texture classes as follow: 
 Composition  not exposed, 0-20%, 20-40%, 40-60%, 60-80% and 80-100% 
    perimeter composition of copper mineral 
 Texture   based on intervals of NDC : 0, 0-0.2, 0.2-0.4, 0.4-0.6, 0.6- 
    0.8 and 0.8-1.0 
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Figure 64 summarises the mean mass proportions (Z, %) of copper-bearing minerals 
(combined bornite + chalcocite) in each of the particle perimeter texture-composition 
classes for the flotation feed size classes.  There was a large variation in the proportions of 
the copper minerals within the different texture-composition classes and with this came a 
range of confidence intervals that needed to be established to support further data 
processing such as mass balancing of these classes.  To determine the confidence 
intervals and to address the five key questions in section 5.1, the bootstrap resampling 
technique was applied. 
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Figure 64  Mass proportion of copper-bearing minerals (Z) in each perimeter 
texture-composition class for the IOCG ore flotation feed size classes. 
X = Perimeter composition class 
mid-point
Y = Texture class mid-point
Z = Mineral mass proportion
+150 m +75 m
+38 m +22 m
+17 m +11 m
-11 m
156 
 
5.2.3. Bootstrap resampling technique 
The MLA DataView software (Fandrich, et al., 2007) enables the user to produce, amongst 
many other pieces of information on the measured particle sections, a Particle Properties 
table that summarises all the information for a particular set of particle sections.  An 
example of such a table is given in Table 10. 
 
Table 10  Example Particle Properties table from the MLA DataView software. 
Particle 
ID 
Wt% 
Bornite 
(Wt%) 
Chalcopyrite 
(Wt%) 
Remainder 
(Wt%) 
Cu 
(Wt%) 
0 0.0154 8.89 0.00 91.11 5.63 
1 0.0126 0.00 0.00 100.00 0.00 
2 0.0137 0.00 0.00 100.00 0.00 
3 0.0193 0.00 0.00 100.00 0.00 
4 0.0280 0.00 5.71 94.29 1.98 
5 0.0161 2.60 0.00 97.40 1.65 
6 0.0097 0.00 0.00 100.00 0.00 
7 0.0058 0.00 0.00 100.00 0.00 
: : : : : : 
N 0.0126 0.00 0.00 100.00 0.00 
  
 
In applying the bootstrap resampling technique to a population of particle sections such as 
those in Table 10, ‘N’ random selections of particle sections are made for which a 
particular characteristic is then determined such as mineral grain size distribution (Evans & 
Napier-Munn, 2013) or particle composition distribution (Mariano & Evans, 2015).  This 
process is repeated a total of ‘M’ times to yield ‘M’ estimates of the characteristic of 
interest for which the mean () and standard deviation () can be then respectively be 
determined as: 
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 =
∑ Pi
M
i=1
M
 (91) 
and 
 = √
∑ (Pi − )2
M
i=1
M
 (92) 
Where: 
 , , M  = is as defined above 
 Pi   = the average value for the characteristic of interest for the i
th repeat 
      from the bootstrap method. 
Comparing the standard deviations of data sets that have different mean values is 
however not appropriate and to facilitate comparisons the approach of Evans & Napier-
Munn (2013) was followed where coefficients of variation (CoV) are determined instead: 
CoV =


∙ 100 (93) 
The perimeter texture method developed in Chapter 4 enabled the mass proportion of a 
target mineral within various particle perimeter texture-composition classes to be 
estimated.  As such the property of interest (Pi) for this chapter was the mass proportion of 
copper-bearing minerals (combined bornite + chalcocite) within each of the particle 
perimeter texture-composition classes for the IOCG samples. 
From the individual particle section images the perimeter texture analysis was performed 
and the VBA macros read all the particle section image files within a given directory and 
after computation produced an output file containing the image ID, mass units, area, mass 
and perimeter composition as well as the perimeter texture characteristic (NDC) for each 
image analysed.  An example of such an output is shown in Table 11. 
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Table 11  Example Particle Properties table produced by VBA macros after image 
processing. 
    
Gangue composition 
(%) 
Cu sulfide 
composition 
(%) 
Section Image ID 
Mass 
units 
NDC Wt Area Peri Wt Area Peri 
1 Feed_+150_10081 21397 1.000 67.30 76.44 80.67 32.70 23.56 19.33 
2 Feed_+150_1010 90345 1.000 95.16 96.89 91.65 4.84 3.11 8.35 
3 Feed_+150_10121 62769 1.000 99.02 99.40 98.30 0.98 0.60 1.70 
4 Feed_+150_10183 64626 1.000 99.97 99.98 99.56 0.03 0.02 0.44 
: : : : : : : : : : 
N Feed_+150_10227 51793 0.991 71.67 80.42 79.87 28.33 19.58 20.13 
 
 
During the bootstrap resampling process ‘N’ particle sections were randomly selected from 
the output file and the mass proportion of copper mineral in each of the perimeter texture-
composition classes was determined.  Six perimeter composition classes were applied 
(non-exposed, 0-20% exposed, 20-40% exposed, 40-60% exposed, 60-80% exposed and 
80-100% exposed) and each of these were divided into six texture classes (based on the 
value of NDC).  NDC ranges for the six texture classes were: zero (only applicable for non-
exposed copper-bearing minerals), 0 to 0.2; 0.2 to 0.4; 0.4 to 0.6; 0.6 to 0.8 and 0.8 to 1.0. 
Once the mass proportion of copper mineral within each class had been determined for 
the ‘N’ randomly selected particle sections, the process was repeated a further ‘M-1’ times 
to ultimately produce ‘M’ 6-by-6 matrices, each containing estimates of the proportions of 
copper mineral mass in the texture-liberation classes.  To facilitate the calculation of the 
mean values using equation (91) Pi was replaced by 𝑘,𝑗
𝑖  with ‘k’ indicating the 
composition class, ‘j’ the texture class and ‘i’ the i-th repeat from a total of ‘M’.  The mean 
mass proportion of copper mineral in a perimeter texture(j)-composition(k) class (𝑘,𝑗

) was 
then determined as follow: 
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𝑘,𝑗

=
∑ 𝑘,𝑗
𝑖M
i=1
M
 (94) 
The standard deviation in the mean mass proportion of copper mineral in a perimeter 
texture(j)-composition(k) class (𝑘,𝑗
 ) was then calculated as: 
𝑘,𝑗
 = [
∑ (𝑘,𝑗
𝑖 −𝑘,𝑗

)
2𝑀
𝑖=1
𝑀
]
0.5
 (95) 
From this the coefficient of variation (𝑘,𝑗
𝐶𝑜𝑉) for the corresponding mean and standard 
deviation was then calculated as: 
𝑘,𝑗
𝐶𝑜𝑉 = (
𝑘,𝑗

𝑘,𝑗
 ) ∙ 100 (96) 
This was done for all texture (j = 1 to 6) and composition (k = 1 to 6) classes.  During the 
process the number of particle sections allocated to a particular class was also recorded 
and used to determine the mean number of particle sections allocated to each after ‘N’ 
random particle sections have been processed ‘M’ times. 
In the resampling process the value of N was also systematically varied from a 100 
random particle sections to the actual number of particle sections present in the output file.  
M was kept constant at 1000 repeats since it was noted that this large number of repeats 
improved the estimate of the endpoints when determining confidence intervals (Efron, 
1987).  It is also worth noting that the bootstrap resampling technique was implemented 
here by making the entire population of particle sections available for every random 
selection process (every value of N), a process known as sampling with replacement.  
Hence, some particle sections may get randomly selected multiple times and some may 
not be selected at all.  Because of this the standard deviations and coefficients of variation 
at the maximum value of N were not zero. 
The bootstrap resampling technique can be applied in two ways.  In the first instance the 
number of randomly selected particle sections were set at the maximum in which case the 
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magnitude of the coefficient of variation provided an estimate of the ‘best’ degree of 
confidence (in the average characteristic for which the variation is calculated) as a result of 
the number of particle sections measured.  In the second instance the number of particle 
sections sampled was varied in which case the change in the coefficient of variation with a 
change in the number of particle sections selected was used to estimate the additional 
number of measurements that were needed to achieve a specific threshold for the 
confidence intervals. 
For this work the total number of particle sections measured for each of the size fractions 
in the rougher feed, combined rougher concentrate and rougher tail samples are 
presented in Table 12 and Table 22. 
 
Table 12  Particle sections measured for each size class in the rougher feed. 
Size Class 
(m) 
Number of particle 
sections measured 
Number of polished 
blocks measured 
+150 5343 1 
+75 8141 1 
+38 8517 1 
+C2 8564 1 
+C4 7327 1 
+C5 9035 1 
-C5 11738 1 
  
 
5.3. Results and discussion 
 
5.3.1. Effect of sub-dividing liberation classes 
Confidence intervals for the distribution of mineral mass to particle composition classes 
can be determined by applying the bootstrap resampling technique as demonstrated by 
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Mariano & Evans (2015).  Their work showed the strong influence the measured number 
of particle sections had on the magnitude of the confidence intervals and hence when 
further sub-dividing perimeter composition classes into textural classes it is necessary to 
understand how this division affects the confidence intervals obtained in the latter case. 
To investigate this particular aspect the bootstrap resampling technique was applied to the 
feed sample size classes to determine the confidence intervals in the mean mass 
proportion of copper mineral in the six defined perimeter composition classes (without 
further sub-dividing into texture classes), for all seven size classes.  The process was then 
repeated a second time for the same feed sample by also dividing the composition classes 
into the six texture classes.  The objective was to understand the smallest possible 
confidence intervals that could be obtained in the mean mass proportion of copper mineral 
in each class; therefore, the confidence intervals were obtained by sub-sampling the 
maximum number of particle sections available for each feed size class (Table 12).  For 
this value of N the coefficients of variation for each perimeter composition and perimeter 
texture-composition class are summarised in Table 14 and Table 15.  Colour coding was 
used as a quick reference to the order of magnitude for the coefficients of variation with 
uncoloured cells representing those classes that did not carry any copper mineral mass. 
Table 13  Colour coding used to refer to coefficients of variation. 
No mineral 0-20% 20-40% >40% 
  
 
It was observed (Table 14) that the coefficients of variation for the ‘not exposed’ 
composition class increased as the size class is getting finer.  This was linked to the fact 
that the number of copper-mineral bearing particle sections within this class decreased at 
finer sizes due to the increased liberation of the minerals, and by doing so increased the 
variation in the mean value obtained from the resampling process. 
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Table 14  Coefficients of variation for the perimeter composition classes in the 
IOCG feed sample obtained from the bootstrap resampling technique at the 
maximum number of particle sections (see Table 12). 
  
Top size (um) 300 150 75 38 22 17 11 
  
Bottom size (um) 150 75 38 22 17 11 5 
Not exposed class  14 19 15 19 23 68 75 
0-20% exposed class   12 6 9 13 15 24 23 
20-40% exposed class   18 7 9 16 18 19 21 
40-60% exposed class   51 11 8 11 15 18 15 
60-80% exposed class   39 13 8 9 15 26 18 
80-100% exposed class     8 4 2 1 1 2 
  
 
Table 15  Coefficients of variation for the texture-composition classes in the IOCG 
feed sample obtained from the bootstrap resampling technique at the maximum 
number of particle sections (see Table 12). 
  
Top size (um) 300 150 75 38 22 17 11 
  
Bottom size (um) 150 75 38 22 17 11 5 
Not exposed class 19 25 22 30 28 67 84 
0.2 to 0.4 for 0-20% exposed class 86 75           
0.4 to 0.6 for 0-20% exposed class 40 31 39 68       
0.6 to 0.8 for 0-20% exposed class 22 22 22 41 72     
0.8 to 1.0 for 0-20% exposed class 17 12 13 21 18 24 25 
0.4 to 0.6 for 20-40% exposed class   104 51         
0.6 to 0.8 for 20-40% exposed class 32 26 23 34 48   87 
0.8 to 1.0 for 20-40% exposed class 28 18 19 23 25 18 29 
0.6 to 0.8 for 40-60% exposed class   43 65 55     83 
0.8 to 1.0 for 40-60% exposed class 65 20 12 15 18 18 16 
0.8 to 1.0 for 60-80% exposed class 48 22 11 12 20 27 22 
0.8 to 1.0 for 80-100% exposed class   14 6 3 2 1 3 
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For the coarsest size class the confidence interval was larger (larger coefficient of 
variation) towards the more liberated particle classes.  This was attributed to the fact that 
the bulk of the particle sections containing copper minerals were within the lower particle 
perimeter composition classes despite the fact that a large mass proportion was present at 
the high liberation class (Figure 64).  The number of particle sections per class therefore 
appeared to play a very important role in establishing confidence intervals in the calculated 
mean mass proportions. 
When the values in Table 14 were compared to the simple texture classes (0.8 to 1.0) for 
the corresponding composition classes in Table 15 it was observed that the effect of 
introducing texture was small.  In the ore tested the majority of the copper-mineral bearing 
particles in each composition class were within the simple texture classes and only a 
marginal change occurred when texture classes were introduced.  Within each 
composition class, for all size classes, it was observed that as the texture class got more 
complex (i.e. at lower bin value) the coefficient of variation increased and again this was 
due to less copper-mineral bearing particle sections in the more complex texture classes. 
The dependence of the coefficient of variation on the number of particle sections within a 
particular particle class was expressed by Lamberg & Vianna (2007) as: 
CoV =
100
𝑁𝑝
0.5 (97) 
Where: 
 Np = number of particles within a specific particle composition class 
When this was applied to the composition classes in Table 14, good agreement was 
observed (see Table 16).  Equation (97) however produces coefficients of variation that 
are in some cases lower. 
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Table 16  Coefficients of variation for the liberation classes in the IOCG feed 
sample as obtained from equation (97). 
  
Top size (um) 300 150 75 38 22 17 11 
  
Bottom size (um) 150 75 38 22 17 11 5 
Not exposed class 7 8 12 22 29 70 100 
0-20% exposed class   6 5 7 12 19 27 24 
20-40% exposed class   20 11 13 16 24 22 27 
40-60% exposed class   58 16 12 16 22 24 17 
60-80% exposed class   45 19 12 13 24 33 22 
80-100% exposed class   0 14 8 5 7 6 7 
  
 
These results directly addressed key question 1 and demonstrated that wider confidence 
intervals were introduced for more complex texture classes in this case due to the fact that 
they carried fewer particle sections.  A consequence of this is that more time and effort will 
be required to measure a greater number of polished blocks to increase confidence in 
cases where the uncertainty was deemed too high.  This subject was discussed next as it 
related to key question 2. 
5.3.2. Increasing confidence through additional measurements 
To address the question of whether greater confidence may be obtained in the data if 
more particle mounts are to be prepared for measurement, changes in the coefficients of 
variation for the feed sample with number of sections observed were studied by 
systematically increasing N from 100 to the total number of particle sections measured 
within a specific size class (Table 12).  This approach was applied to the perimeter 
composition classes as well as the perimeter texture-composition classes, for all size 
classes, and the results for the coarsest size class are graphed in Figure 65 and Figure 66 
respectively.  In both figures the series of data points at X = 0 and X + 10Y = 0 represent 
the decrease in the coefficient of variation for the mass proportion of copper minerals that 
are not exposed as N was increased from 100 to 5,343. 
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Figure 65  Change in the coefficient of variation as a function of the number of 
randomly selected polished sections (‘N’) for different liberation classes from the -
300+150 m size class in the feed.  
 
Figure 66  Change in the coefficient of variation as a function of the number of 
randomly selected polished sections (‘N’) for different texture-liberation classes in 
the -300+150 m feed class.  
X = Composition class mid-point ; CoV = Coefficient of variation
N = Particle sections sampled
X = Composition class mid-point ; Y = Texture class mid-point
CoV = Coefficient of variation ; N = Particle sections sampled
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In Figure 65 the coefficients of variation for the mass proportion of copper minerals in each 
composition class are graphed as a function of the number of particle sections sampled.  
The composition classes (horizontal axis) are shown at the mid-point for each (10 for the 
0-20% perimeter composition class and 30 for the 20-40% perimeter composition class 
etc.).  The copper mineral perimeter fraction thus increases when moving from left to right 
on the horizontal axis. 
To graph all nine perimeter texture-composition classes for the coarse size fraction in 
Figure 66 the coordinates for the horizontal axis (representing the nine different texture-
composition classes) were chosen as X+10Y where X is the arithmetic mean of the two 
end points of a composition class as mentioned in the previous paragraph and Y is the 
arithmetic mean of the two end points of a texture class (0.3 for the 0.2 to 0.4 texture class 
and 0.5 for the 0.4 to 0.6 texture class etc.).  The group of data points clustered around X 
+ 10Y = 20  (set of four in Figure 66) represent the 0-20% perimeter composition class and 
are the 0.2 to 0.4, 0.4 to 0.6, 0.6 to 0.8 and 0.8 to 1.0 texture classes respectively.  The 
following two sets (clustered around X + 10Y = 40) represent the 0.6 to 0.8 and 0.8 to 1.0 
texture classes for the 20-40% perimeter composition class, respectively.  The last two 
sets represent the 0.8 to 1.0 texture classes for the 40-60% and 60-80% perimeter 
composition classes respectively.  In all cases the data produced the expected trend which 
was a decrease in the coefficient of variation as more particle sections were sampled.  
This was the same trend observed by Mariano and Evans 2015 for particle composition 
classes and by Evans & Napier-Munn (2013) for mineral grain size distributions.  A 
regression curve may be fitted to the relationships and the general form of this curve which 
fitted the data well was: 
CoV =
C
𝑁
 (98) 
Where: 
 , C = regression parameters 
 N = total number of sampled particle sections 
167 
 
This equation has the same form as equation (97) with the difference that Np is substituted 
with N in this case.  In both graphs the solid line connecting the seven data points at the 
same X + 10Y value represents a fit of equation (98) to the data points. 
For the thirteen data sets of the coarse size fraction the fit to equation (98) was very good 
with R2-values between 0.987 and 0.999.  The only exception was the 0-20% perimeter 
composition class in Figure 65 where the change in the coefficient of variation with N was 
better described as a function of the form: 
CoV = C0 ∙ ln(𝑁) + 𝐶1 (99) 
Where: 
 C0, C1 = regression parameters 
 N = as above 
The change in the coefficient of variation for this class as N was increased was much 
slower compared to the rest and hence the form of equation (99) was better at describing 
this slower change compared to the exponential decay form of equation (98).  A fit to 
equation (98) still yielded an R2 of 0.91.  The parameters fitted to equation (98) in each 
case may be used to determine the benefits in measuring more particle sections towards 
increasing the overall confidence in the mean mass proportions within the composition 
classes as well as the texture-composition classes.  The fitted parameters (C rounded to 
nearest whole number) for the data sets in Figure 65 and Figure 66 are presented in 
Table 17 and Table 18. 
When only composition classes were considered for the coarsest size class the greatest 
uncertainties (CoV of 51% and 39% respectively, see Table 14) were within the two high-
grade classes and these contained the lowest proportions of copper-mineral bearing 
particle sections.  The greatest uncertainties within the perimeter texture-composition 
classes (CoV of 86% and 65% respectively, see Table 15) were associated with the 0.2 to 
0.4 texture class in the 0-20% perimeter composition class and the 0.8 to 1.0 texture class 
in the 40-60% perimeter composition class.  Again these contained the lowest proportions 
of copper-mineral bearing particle sections for this size class.  From a practical perspective 
it would be useful to know if measuring more polished blocks, and hence more particle 
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sections per class, can reduce these wide confidence intervals and if so how many more 
need to be measured. 
 
Table 17  Fitted parameters of equation (98) for the composition classes in the -
300+150 m feed size class. 
Texture 
Class 
Parameter 
C  
Not 
exposed 
2003 0.573 
0 to 20% 304 0.353 
20 to 40% 1676 0.517 
40 to 60% 6898 0.556 
60 to 80% 3944 0.518 
80 to 100%   
  
Table 18  Fitted parameters of equation (98) for the composition classes in the -
300+150 m feed size 
Texture 
Class 
Surface Liberation Class 
Not 
exposed 
0 to 
20% 
20 to 
40% 
40 to 
60% 
60 to 
80% 
80 to 
100% 
No 
texture 
1426 
     
0.501 
0.2 to 
0.4 
 
9020 
    
0.537 
0.4 to 
0.6 
 
2050 
    
0.454 
0.6 to 
0.8 
 
1191 2908 
   
0.461 0.522 
0.8 to 
1.0 
 
393 2221 5535 3753 
 
0.357 0.506 0.510 0.502 
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Using the fitted parameters in Table 17 and Table 18 it was possible to predict the total 
number of particle sections that were required to reduce the coefficients of variation below 
a defined threshold.  For this example 20% was selected as this was a value quoted by 
Lamberg & Vianna (2007) in establishing their recommendations for the number of 
measurements that were needed to enable mass balancing of multiphase particles within a 
flotation circuit. 
To reduce all uncertainties in the perimeter composition class mass proportions for the -
300+150 m size class it was estimated that an additional six polished blocks or 
approximately 32,000 more particle sections should be measured.  The high number of 
additional particle sections required in this case was driven by the low number proportions 
of particle sections allocated to the 40-60% and 60-80% perimeter composition classes 
during the bootstrap resampling process, 0.056% and 0.094% respectively.  These 
classes however accounted for 4.6% and 23.1% of the copper mineral mass respectively, 
indicating that particle distribution rather than mass distribution was the strong driver of 
confidence intervals in this case.  A summary of the additional measurements required to 
improve all coefficients of variation in the perimeter composition classes to below 20% for 
all size classes is given in Table 19. 
For the four subsequent size classes no additional measurements are required or 
measuring an additional single block would be sufficient to gain sufficient confidence in the 
data.  In these cases the minimum proportions of particle sections allocated to the classes 
with the highest variation were 0.332, 0.751, 0.245 and 0.164% respectively. 
For the -17+11 m and -11 m size classes a greater number of additional measurements 
will be required, similar to the case for the coarsest size class.  For these two fine size 
classes the proportion of particle sections allocated to the perimeter composition classes 
that drove the high number of additional measurements were 0.022% and 0.009% 
respectively, and were the ‘not exposed’ classes.  The mass proportions of copper 
minerals in each of these were 0.087% and 0.015% respectively. 
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Table 19  Summary of additional MLA measurements required to reduce 
uncertainties in composition class distributions of copper minerals, for all size 
classes. 
Size class 
(m) 
Additional 
measurements 
Polished 
blocks 
Particle 
sections 
-300+150 6 32,060 
-150+75 1 8,140 
-75+38 1 8,520 
-38+22 1 8,570 
-22+17 1 7,330 
-17+11 9 81,320 
-11 7 82,170 
  
 
What is interesting to note at this stage is that none of the size classes that require only 
one additional polished block to be measured (-150+75 m to -22+17 m) had 0.1% or 
less of the total particle sections sampled during the bootstrap technique allocated to their 
perimeter composition classes.  On the other hand for the coarse size class and the two 
finest size classes, the perimeter composition classes driving the high number of additional 
measurements all had less than 0.1% of the total particle sections allocated to them.  
There was no such correlation with the mass of copper minerals in each of these. 
It is evident from this analysis that for establishing confidence in the proportion of mineral 
mass within a given perimeter composition class from MLA particle sections, the 
proportion of particle sections allocated to a particular class has a great influence on how 
many measurements are needed to achieve a specific threshold in confidence.  It is 
therefore of interest to understand how allocating texture classes influenced the number of 
measurements that will be needed for each size class to establish adequate confidence 
intervals.  Again the coarsest size class was used for the initial discussion. 
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Seven out of the nine perimeter texture-composition classes for the coarse size fraction in 
Table 15 produced uncertainties greater than the selected threshold of 20% CoV.  By 
following the same principles as with the composition classes, the parameters in Table 18 
were applied.  To reduce most of these uncertainties to below 20%, except for the two 
extreme cases, it was estimated that at least 6 additional polished blocks would be 
needed.  In this case the coefficients of variation for the two extreme cases will be 33% 
and 27% respectively and the number of additional measurements was driven by the 0.8 
to 1.0 texture class for the 60-80% perimeter composition class to which approximately 
0.094% of the particle sections had been allocated during the bootstrap resampling 
process. 
To reduce all of the uncertainties to below 20% at least sixteen additional polished blocks 
will be needed, a substantial increase from the six previously estimated.  This was due to 
the very wide confidence intervals in the 0.2 to 0.4 texture class for the 0-20% perimeter 
composition class to which only 0.019% of the particle sections were allocated.  This 
demonstrated the significant effort in both time and costs required to produce data with low 
uncertainties when further dividing the particle sections within perimeter composition 
classes into texture classes. 
A summary of the additional measurements required to improve all coefficients of variation 
to below 20% for the perimeter texture-composition classes in all of the size classes in the 
feed is given in Table 20.  The number of particle sections per polished block in Table 12 
was used as a guide for this estimate. 
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Table 20  Summary of additional MLA measurements required to reduce 
uncertainties in particle class distribution of copper minerals, for all size classes. 
Size class 
(m) 
Additional polished 
blocks required 
Liberation 
classes 
only 
Including 
texture 
classes 
-300+150 6 16 
-150+75 1 13 
-75+38 1 7 
-38+22 1 6 
-22+17 1 5 
-17+11 9 7 
-11 7 19 
  
 
Compared to considering only perimeter composition classes it was determined that a 
minimum of five and a maximum of nineteen additional polished blocks will be required to 
reduce all the coefficients of variation to below 20%.  For every size class the high number 
of additional measurements was a result of the low proportion of particle sections allocated 
to the more complex texture classes and demonstrated the impact of further sub-dividing 
particle sections within perimeter composition classes and the confidence that may be 
placed in the mean mass proportions of a mineral in a particular perimeter texture-
composition class.  As with the perimeter composition classes, when dividing perimeter 
composition classes into texture-composition classes the classes responsible for driving 
the high additional number of measurements were those that had been allocated less than 
0.1% of the sampled particle sections during the bootstrap process.   
It is therefore possible to increase the confidence in the mean mass proportions of copper 
minerals in perimeter texture-composition classes through additional measurements.  
Substantially more measurements are however required to do so and this may impose a 
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limit on the lowest practical variations achievable.  A possible alternative option to improve 
confidence limits was therefore explored next. 
5.3.3. Impact of the number of particle sections per perimeter texture-composition class 
In the previous section an interesting observation was made with regard to the factor that 
possibly determines the magnitude of the additional MLA measurements that are required 
in achieving a 20% coefficient of variation.  Throughout the analysis it was observed that 
when the proportion of particle sections allocated to a particular perimeter composition or 
perimeter texture-composition class was below 0.1% of the total number of particle 
sections sampled during the bootstrap resampling process, that class will drive the total 
number of polished blocks to measure. 
To compare the different size fractions on this basis and to account for the fact that for 
each of them a different number of polished sections were measured, the number of 
additional MLA polished blocks (AdM) were graphed against the number of particle 
sections per class, for all size classes, and this is shown in Figure 67.  The trend line is 
intended as a guide to trace the upper end of the data.  Using the trend line it was 
estimated that at approximately 25 particle sections per class, less than 1 extra polished 
block is needed to establish a coefficient of variation of no more than 20% in the average 
mass proportion of copper minerals in that class.  This is in agreement with Lamberg & 
Vianna (2007) who estimated 25 particles per composition class are required for a 
variation of 20%. 
Clearly with the initial set of perimeter texture-composition class configurations (Figure 64) 
it will not be feasible to measure sufficient particle sections to ensure all confidence 
intervals are within 20% of the measured average mass proportions of copper minerals 
within a class.  An alternative option may be to be more strategic in the selection of texture 
and perimeter composition classes and Figure 67 was used as a guide for doing so. 
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Figure 67  Effect of the number of particle sections sampled (Np) per class on the 
additional MLA blocks that need to be measured to achieve a coefficient of variation 
of no more than 20%.  
 
For the coarsest size fraction the number of particle sections present in the 40-60% and 
60-80% perimeter composition classes were very low (3 and 5 respectively after sampling 
5,343 particle sections in total) and these may be combined to achieve an overall lower 
coefficient of variation.  The same was true for the number of particle sections in the 0.2 to 
0.4 texture class for the 0-20% composition class (only 1) and this may be combined with 
the 0.4 to 0.6 texture class which contained 18 particle sections.  For both cases it was not 
possible to achieve a minimum of 25 particle sections but in combining the low numbers 
the overall coefficient of variation may be lowered as the slope of the trend line in 
Figure 67 is very steep for such low particle section numbers. 
Using this as a guide the bootstrap technique was repeated on the seven feed size 
classes by combining texture and composition classes.  The resultant new coefficients of 
variation for the new group of classes are shown in Table 21. 
The initial 64 classes in Table 15 were reduced to only 48 and where initially 21 out of the 
64 values of the CoV were above 30%, now only 4 out of 48 were above this value.  This 
was a significant shift in the confidence intervals and was achieved without additional 
AdM = additional MLA polished sections needed to be measured to 
reduce confidence to within 20%
Np = number of sampled particle sections allocated to a bin class
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measurements.  It was also observed that for size classes -38+22 m and finer no 
confidence could be placed in dividing the perimeter composition classes into texture 
classes and as such for these only composition classes were incorporated in further 
analyses such as mass balancing.  With no texture classes for any of the composition 
classes from 40% perimeter composition onwards it was also possible to combine the last 
three liberation classes to further improve confidence. 
 
Table 21  Reconfigured distribution of coefficients of variation for the different 
perimeter texture-composition classes in the IOCG feed sample obtained from the 
bootstrap resampling technique at the maximum number of particle sections 
(see Table 12). 
  
Top size (um) 300 150 75 38 22 17 11 
  
Bottom size (um) 150 75 38 22 17 11 5 
Not exposed class 19 25 22 30 28 67 84 
0.2 to 0.4 for 0-20% exposed class 
43 28 
22 
22 18 24 25 
0.2 to 0.6 for 0-20% exposed class 
0.6 to 0.8 for 0-20% exposed class 22 22 
0.8 to 1.0 for 0-20% exposed class 17 12 13 
0.4 to 0.6 for 20-40% exposed class 
32 25 25 
22 25 18 29 0.6 to 0.8 for 20-40% exposed class 
0.8 to 1.0 for 20-40% exposed class 28 18 19 
0.6 to 0.8 for 40-60% exposed class 
45 
18 14 17 18 18 16 
0.8 to 1.0 for 40-60% exposed class 
0.8 to 1.0 for 60-80% exposed class 22 11 12 20 27 22 
0.8 to 1.0 for 80-100% exposed class   14 6 3 2 1 3 
  
 
The analysis so far clearly demonstrated the significant role the number of particle 
sections per class played in establishing confidence intervals for the mass proportion of 
copper minerals in a class.  This indicates that it is possible that the final configuration of 
classes may be different depending on whether a high grade (concentrate), medium grade 
(feed) or low grade (tail) sample is used during the bootstrap process.  For mass balancing 
purposes it is important that a consistent set of classes are selected throughout for every 
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size class and hence it is important to understand how sample grade may contribute to 
this. 
In the section that follows coefficients of variation were determined for sets of perimeter 
texture-composition classes similar to those in Table 21 for the different size classes in the 
overall rougher concentrate and rougher tail samples and compared to that of the rougher 
feed. 
5.3.4. Impact of sample grade on texture-composition class configuration 
The perimeter texture-composition classes for each feed (0.98% to 4.7% copper minerals) 
size class in Table 21 were used as the template and the coefficients of variation (at the 
total number of particle sections measured for each size class) for the same classes were 
determined for the overall rougher concentrate (12.3% to 45.9% copper minerals) and 
rougher tail (0.08% to 0.46% copper minerals) samples.  The number of polished blocks 
and particle sections measured for each of the size classes in these two samples are 
shown in Table 22.  For ease of comparison Table 21 is shown along with the coefficients 
of variation for the different classes in the concentrate and tail samples, in Table 23. 
The outcomes in Table 23 showed that if the tail sample was used to determine classes 
then the coefficients of variation would be much greater compared to those of the feed 
sample.  The large values for the -38+22 m size class and finer can be improved by 
measuring additional polished blocks as only one was measured in each case.  This is 
expected to reduce the variations although they may not be as low as those in the feed.  
Mariano & Evans (2015) reported similar outcomes in that for tail samples many more 
measurements are needed to achieve low confidence intervals. 
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Table 22  Particle sections measured for each size class in the overall rougher 
concentrate and rougher tail. 
Size Class 
(m) 
Number of particle sections 
measured 
Number of polished blocks 
measured 
 Concentrate Tails Concentrate Tail 
-300 + 150 m 5394 10133 1 2 
-150 + 75 m 7699 15545 1 2 
-75 + 38 m 8222 16895 1 2 
-38 + 22 m 9434 9612 1 1 
-22 + 17 m 8320 9345 1 1 
-17 + 11 m 9341 7228 1 1 
-11 m 11483 10729 1 1 
  
 
 
 
 
 
 
 
 
 
 
 
178 
 
Table 23  Coefficients of variation for texture-composition classes in the rougher 
feed (top), rougher concentrate (middle) and rougher tail (bottom) samples from the 
bootstrap resampling technique. 
 
 
  
Top size (um) 300 150 75 38 22 17 11 
  
Bottom size (um) 150 75 38 22 17 11 5 
Not exposed class 19 25 22 30 28 67 84 
0.2 to 0.4 for 0-20% exposed class 
43 28 
22 
22 18 24 25 
0.2 to 0.6 for 0-20% exposed class 
0.6 to 0.8 for 0-20% exposed class 22 22 
0.8 to 1.0 for 0-20% exposed class 17 12 13 
0.4 to 0.6 for 20-40% exposed class 
32 25 25 
22 25 18 29 0.6 to 0.8 for 20-40% exposed class 
0.8 to 1.0 for 20-40% exposed class 28 18 19 
0.6 to 0.8 for 40-60% exposed class 
45 
18 14 17 18 18 16 
0.8 to 1.0 for 40-60% exposed class 
0.8 to 1.0 for 60-80% exposed class 22 11 12 20 27 22 
0.8 to 1.0 for 80-100% exposed class   14 6 3 2 1 3 
 
Not exposed class 12 11 17 19 37 41 42 
0.2 to 0.4 for 0-20% exposed class 
9 14 
9 
8 11 12 15 
0.2 to 0.6 for 0-20% exposed class 
0.6 to 0.8 for 0-20% exposed class 6 7 
0.8 to 1.0 for 0-20% exposed class 4 4 6 
0.4 to 0.6 for 20-40% exposed class 
9 7 9 
7 10 10 14 0.6 to 0.8 for 20-40% exposed class 
0.8 to 1.0 for 20-40% exposed class 7 6 6 
0.6 to 0.8 for 40-60% exposed class 
6 
5 5 7 9 11 13 
0.8 to 1.0 for 40-60% exposed class 
0.8 to 1.0 for 60-80% exposed class 6 5 5 9 10 12 
0.8 to 1.0 for 80-100% exposed class   3 2 1 1 1 1 
 
Not exposed class 14 19 28 57 92 177   
0.2 to 0.4 for 0-20% exposed class 
22 29 
38 
56 59 194 88 
0.2 to 0.6 for 0-20% exposed class 
0.6 to 0.8 for 0-20% exposed class 19 21 
0.8 to 1.0 for 0-20% exposed class 11 12 21 
0.4 to 0.6 for 20-40% exposed class 
44 49 58 
83 65   112 0.6 to 0.8 for 20-40% exposed class 
0.8 to 1.0 for 20-40% exposed class 32 30 53 
0.6 to 0.8 for 40-60% exposed class 
39 
34 77 92     75 
0.8 to 1.0 for 40-60% exposed class 
0.8 to 1.0 for 60-80% exposed class 68 34 99 74 111   
0.8 to 1.0 for 80-100% exposed class     42 45 29 16 8 
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For further mass balancing and data interpretation purposes it may be appropriate in this 
case to use the magnitude of the coefficients of variation in the feed to guide the decision 
on perimeter texture-composition classes.  If such a decision was made based on 
achieving low variations in the tail sample measurements, the number of additional 
measurements that will be required will very likely be impractical in practice.  Measurement 
of multiple polished blocks, possibly 2 to 3, on tail samples are however recommended to 
keep the variations to a practical minimum. 
5.3.5. Confidence in predicting coefficients of variation due to additional measurements 
The estimates of the number of additional measurements that will be needed to reduce the 
variations below a specific threshold assumed that the parameters fitted for equation (98) 
were also valid for values of N greater than those to which they were fitted.  In this last 
section this assumption was tested by fitting the parameters to one of the polished blocks 
for the -150 +75 m tail sample size class (maximum N = 7,650 particle sections) and then 
used the parameters to predict the coefficients of variation that resulted from measuring an 
additional polished block (maximum N = 15,545 particle sections). 
Using the bootstrap resampling technique the change in the coefficients of variation for the 
eight classes are shown in Figure 68 as determined from MLA measurements on a single 
polished block.  The solid lines represent the best regression fits to the data points and the 
fitted parameters are summarised in Table 24.  These fitted parameters were then applied 
to predict the coefficients of variation for each of the eight classes should an additional 
block be measured, to determine if the actual coefficients obtained through additional 
measurements can be represented accurately from the parameters estimated using a 
single block.  For ease of reference the eight perimeter texture-composition classes for the 
-150+75 m tail size class in Table 23 (bottom) were numbered from top to bottom and 
represent the class identifiers (L) in Figure 68 and Figure 69.  In Figure 69 the measured 
values for the coefficients of variation (represented by the solid symbols) from two polished 
blocks are shown along with the predicted trends using the fitted parameters obtained from 
data measuring only one polished block (solid lines).  For all cases the regression curves 
were able to predict the measured data with R2-values greater than 0.97 and it is 
concluded that successful prediction of the value in doing additional MLA measurements 
can be achieved using data obtained from measurements on a single polished block. 
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Figure 68  Change in the coefficient of variation as a function of the number of 
randomly selected polished sections (‘N’) for different texture-composition classes 
from the -150+75 m tail size class.  Maximum value of ‘N’ represents particle 
sections in a single polished block.  
Table 24  Regression parameters for -150+75 m size class texture-composition 
bins in tail. 
Liberation 
class identifier 
R2-value Equation (98) parameters 
L  C  
1 0.988 1731 0.462 
2 0.999 3274 0.506 
3 0.999 2230 0.482 
4 0.982 500 0.366 
5 0.996 3408 0.432 
6 0.998 2412 0.475 
7 0.991 4723 0.504 
8 0.994 10208 0.517 
  
L = Composition class identifier ; CoV = Coefficient of variation
N = Particle sections sampled
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Figure 69  Prediction of the coefficients of variation due to additional 
measurements using regression parameters from a single polished block.  
 
5.4. Key findings 
This chapter investigated the classification of particle section images into perimeter 
texture-composition classes and the impact of doing so on the confidence that may be 
placed in the mean mass proportion of copper mineral within those classes.  An important 
finding was that for the IOCG ore to which it was applied to very few particle sections 
exhibited very complex textures and therefore produced wide confidence intervals in the 
mass proportion of copper mineral within them.  This finding was important from a flotation 
recovery assessment perspective as it showed that not all identifiable perimeter texture-
composition classes were statistically feasible for mass balancing in Chapter 6, an aspect 
not previously reported when the flotation recovery of different perimeter texture classes 
were compared (Fosu, et al., 2015a).  A key contribution of the work in this chapter is 
therefore a systematic method by which the error in the perimeter textural characteristics 
obtained from particle sections can be estimated.  It incorporates the texture indicator NDC 
developed in chapters 4 along with the bootstrap resampling technique as shown in 
Figure 70. 
L = Composition class identifier ; CoV = Coefficient of variation
N = Particle sections sampled
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Figure 70  Schematic of the method developed in this thesis to estimate the error 
in the perimeter textural characteristics obtained from particle sections. 
 
In cases where the confidence intervals for particular perimeter texture-composition 
classes were deemed too wide, knowledge of the relationship between the number of 
particle sections per perimeter texture-composition class and its associated error was 
applied as a guideline to more strategically select appropriate perimeter texture-
composition classes.  These classes were subsequently applied in the industrial Case 
Studies (Chapter 6) for mass balancing and produced meaningful flotation recovery 
estimates for interpretation. 
Another important outcome of the work was that it demonstrated that coefficients of 
variation derived from particle sections in the flotation feed size classes of the IOCG ore 
could be used to select a meaningful configuration of perimeter texture-composition 
classes for mass balancing.  Due to the high concentrations of copper mineral-bearing 
particles in the concentrate size classes the feasibility of highly complex texture classes 
was over estimated and if used would not produce meaningful mass balance outcomes 
since their counterparts in the feed and tail size classes would have very high coefficients 
of variations.  Due to the low concentration of copper mineral-bearing particle sections in 
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the tail sample a significant number of additional measurements will be required to achieve 
suitably low levels of variations and this may not be practically possible. 
The information produced in this chapter therefore supported hypothesis 2 that states: 
“Knowledge of the confidence intervals in the mass proportions of a mineral within specific 
perimeter texture-composition classes is important for the assessment of their flotation 
performance and as an aid to identify which classes to assess.” 
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CHAPTER 6  IMPACT OF PERIMETER TEXTURE ON THE 
ROUGHER FLOTATION OF TWO INDUSTRIAL COPPER ORES 
 
 
“The most exciting phrase to hear in science, the one that heralds the most discoveries, is 
not “Eureka!”, but “That’s funny…”.” 
- Isaac Asimov 
American author and professor of biochemistry (1920 - 1992) 
6.1. Introduction 
The impact that particle composition, as a microtextural descriptor (textures visible with the 
aid of an electron microscope and at the micrometre scale (Bojcevski, 2004) of mineral 
particles, has on flotation has been studied extensively and this knowledge has been 
applied on various occasions to predict the flotation recovery behaviour of composite 
particles in an ore (Ralston, et al., 2007; Evans, 2010; Ford, et al., 2011).  Although the 
liberation characteristics of a mineral are strongly influenced by other textural descriptors 
such as grain size, phase-specific surface area and/or intergrowth complexity, none of 
these are currently applied in property-based modelling to facilitate the estimation of the 
flotation behaviour of composite particles. 
Recently published research suggests that the spatial arrangement of exposed mineral 
grains may influence recovery by playing a role in particle-bubble attachment probabilities 
in flotation (Fosu, et al., 2015b; Gautam & Jameson, 2012), and that different spatial 
arrangements of hydrophobic and hydrophilic domains (for the same overall composition) 
affect the local structure of water molecules close to surfaces (Hua, et al., 2009) and 
hence the wetting characteristics of the surfaces.  The work presented in Chapter 4 and 
Chapter 5 was motivated due to the fact that none of the aforementioned textural 
descriptors quantify the spatial arrangements of target mineral grains on the particle 
surface.  Both grain size distribution and PSSA are concerned with the relative size of the 
grain inclusions and provide no information on their proximity to one another.  In a similar 
manner the indicators presented by Perez-Barnuevo, et al. (2012; 2013) and Fosu, et al. 
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(2015a) deal with the complexity of the intergrowth and do not quantify spatial 
arrangements. 
In the work by Fosu, et al. (2015a) the locking ratio was determined from particle sections 
and, as was done in Chapter 4 and 5 of this thesis, the mass of a target mineral within 
liberation classes was divided into simple and complex texture classes based on the value 
of the locking ratio in each case.  Their results indicated that particles with more complex 
intergrowth textures recovered to a lesser extent to the concentrates for all liberation 
classes.  This was attributed to the fact that for simple locking textures more of the target 
mineral was available for bubble attachment, that is, a larger continuous section of the 
hydrophobic phase is present.  However, Fosu, et al. (2015a) do not provide confidence 
intervals for their recovery data and therefore it is not clear whether their observations are 
based on statistically significant differences.  That, together with the fact that, although 
“spatial distribution” is mentioned as a contributing factor, their (Fosu, et al., 2015a) 
definition of locking ratio does not provide a quantitative description of the spatial 
distribution of mineral grains at the particle surface (as defined in Chapter 4) since it only 
considers total cross-sectional areal composition, particle size and grain size. 
The outcomes from Chapter 5 clearly showed that particle classes in which a small 
proportion of the particle sections have been allocated can have significant errors 
associated with the mass proportion of a mineral in that class.   It has not been established 
yet what the impact of this will be on the confidence that can be placed on the measured 
differences in the recoveries of these particle classes. 
The cumulative weighted perimeter distribution (NDC) parameter developed in Chapter 4 is 
a descriptor that represents the spatial distribution of target mineral grains and the 
confidence that can be placed in the mass of a mineral within perimeter texture-
composition classes based on this parameter has been evaluated in detail in Chapter 5.  
Armed with this information it is possible to now investigate for the first time the recovery 
behaviour of a specific mineral as a function of both the total exposed perimeter 
composition of particles and the nature of the exposed grain arrangements and this is the 
primary focus of this chapter. 
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6.2. Bootstrap Monte Carlo simulations of Case Study survey data 
In any given industrial data set there are experimental errors that will be associated with 
the information and these are present at all levels of the information such as the unsized, 
sized and perimeter texture-composition classes for the two industrial Case Studies 
discussed in this thesis. 
The consequence of this is that any outcome of an analysis of the data, such as mass 
balancing, is subject to error.  In addition, no error in the data can be viewed in isolation 
but the propagation of error through the data means that multiple small measurement 
errors can result in substantial errors or poor confidence in the final outcomes. 
One option for dealing with the propagation of error is to apply analytical statistics (Press, 
1992).  Fortunately, this is not the only way.  Although it has taken more than ten years to 
convince statisticians of its applicability, nowadays bootstrap Monte Carlo simulations are 
frequently applied in experimental science and are able to quantify uncertainties in 
experiments or model parameters in a precise way (Press, et al., 1992). 
During experimentation the mean property measured (𝐴0̅̅ ̅) is the best estimate of the true 
value of that parameter, 𝐴𝑖
𝑡𝑟𝑢𝑒 (Press, et al., 1992).  The purpose of applying bootstrap 
Monte Carlo simulations to a series of mean data values, with their associated error 
models, is to determine to the best of our knowledge the probability distribution 𝐴𝑖 − 𝐴0̅̅ ̅ as 
a plausible substitution for the probability distribution 𝐴𝑖 − 𝐴𝑖
𝑡𝑟𝑢𝑒 (Press, et al., 1992).  It is 
important to note that this does not assume 𝐴0̅̅ ̅ is equal to 𝐴𝑖
𝑡𝑟𝑢𝑒 as they are not.  The 
assumption instead is that random error enters experiments in a same manner and as 
such the former can serve as a suitable substitute for the latter (Press, et al., 1992). 
For the Case Study data sets analysed in this research the distribution of 𝐴𝑖 − 𝐴0̅̅ ̅ can be 
determined since we have information about the underlying processes (error models) that 
generated the data (see Chapter 3).  The bootstrap Monte Carlo approach uses the 
experimental data set (𝐷0) to generate a series of synthetic data sets (𝐷1
𝑆, 𝐷2
𝑆, … , 𝐷𝑁
𝑆) drawn 
randomly from the appropriate distribution of 𝐷0.  The same analytical procedure can then 
be applied to these synthetic data sets as was applied to the experimental data set to 
produce for example a series of model parameters for which a mean (𝐴0̅̅ ̅) and probability 
distribution (𝐴𝑖 − 𝐴0̅̅ ̅) can be determined. 
187 
 
For the flotation survey data sets under consideration the probability distribution can be 
assumed to be sufficiently symmetrical (Morrison, 2008b) meaning that a Gaussian 
distribution with a mean of zero and a standard deviation of one can be used to estimate 
the population of likely variations (FACT x SD) to be added to the mean experimental 
values in generating synthetic datasets.  In this approach, FACT is the normally distributed 
variation with a mean of zero and unit standard deviation.  It also means that the least 
squares method for estimating errors in data points is appropriate. 
6.2.1. Generating synthetic data sets for mass balancing 
 
6.2.1.1. Box-Muller transformations 
The standard normal probability distribution for a parameter ‘x’ has the following 
mathematical form: 
f(x) =
1
√2 ∙ 𝜋
∙ 𝑒−
𝑥2
2  (100) 
To determine the set of random variations, drawn from such a distribution, it is necessary 
to find a method of generating such a distribution from a given source of uniform pseudo-
random numbers.  There are many ways in which this may be approached (Rubinstein, 
1981) but in this research, one of the commonly used transformations namely the Box & 
Muller (1958) transformation will be applied. 
For two uniformly distributed (0,1), random numbers x1 and x2 the simplest form of the 
Box-Muller transformation is: 
𝑦1 = √−2 ∙ 𝑙𝑛(𝑥1) ∙ 𝑐𝑜𝑠(2 ∙ 𝜋 ∙ 𝑥2) (101) 
𝑦2 = √−2 ∙ 𝑙𝑛(𝑥1) ∙ 𝑠𝑖𝑛(2 ∙ 𝜋 ∙ 𝑥2) (102) 
This transformation produces two independent random numbers, y1 and y2, taken from a 
Gaussian distribution with a zero mean and unit standard deviation. 
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A popular implementation of the Box-Muller transformation (Press, et al., 1992) is to 
consider the polar form as it is computationally faster and numerically more robust for very 
small (close to zero) values of the uniformly distributed input variables.  This was first 
proposed by Bell (1968) and later modified by Knop (1969).  For the same two uniformly 
distributed (0,1), random numbers x1 and x2: 
𝑦1 = 𝑥1 ∙ √
−2 ∙ 𝑙𝑛(𝑠)
𝑠
 (103) 
𝑦2 = 𝑥2 ∙ √
−2 ∙ 𝑙𝑛(𝑠)
𝑠
 (104) 
With 
s = 𝑥1
2 + 𝑥2
2 (105) 
An example of the implementation of the latter form as a Microsoft Excel VBA macro is 
given in Appendix D. 
6.2.1.2. Application to data sets 
The polar form of the Box-Muller transformation was implemented in Microsoft Excel VBA 
as a macro and automated to produce one thousand standard normal deviations (FACT) 
for each measured data point in the mass balance, for each data set.  This factor for each 
data point was then multiplied by the associated standard deviation to produce a 
distribution of likely deviations from the measured mean value.  The mean of all possible 
experimental values for a data point was, therefore, the mean measured value (𝐴0̅̅ ̅) with a 
standard deviation of 1xSD. 
Figure 71 below shows as an example the resultant distribution of likely % Cu values for 
the unsized flotation feed sample from the IOCG ore data set.  The measured mean value, 
in this case, was 1.93% Cu with a standard deviation of 0.16% Cu.  For the synthetic data 
set the distribution can be fitted with a Gaussian function of the following form: 
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f(x) =  ∙ 𝑒
−
(𝑥−𝜇)2
2∙𝜎2  (106) 
Where: 
 : expected mean value of normal distribution 
 : expected standard deviation of normal distribution 
 : height of frequency peak 
 
 
Figure 71  Normal distribution of %Cu in the unsized IOCG ore flotation feed 
sample as was determined from the Box-Muller transformations using the measured 
survey value as the mean with the associated standard deviation. 
 
The VBA macro in Microsoft Excel was applied to generate one thousand similar 
distributions for each data point from both the IOCG and copper porphyry ore data sets.  
From each synthetic data set, a new mass balance was set up, exactly as was done based 
on the mean values and the Solver feature in Microsoft Excel was applied to find the best 
set of adjusted values for each synthetic data set.  From this, it was possible to generate 
one thousand possible mass balance outcomes (recoveries, grades etc.) from which mean 
Mean = 1.96 
SD = 0.17 
A = 119 
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and standard deviations of stream and sized assays as well as elemental and mineral 
recoveries could be determined.  In this way, the mean recovery values were expressed 
along with confidence intervals to enable robust interpretation of the likely differences in 
these values for the different texture classes to be discussed.  A schematic of this process 
is presented in Figure 72. 
 
 
Figure 72  Monte Carlo simulations of Case Study survey data sets. 
 
In the sections of this chapter that follow the outcomes of the full analysis of the mass 
balanced data for the IOCG and copper porphyry ores are presented and discussed to 
assess the flotation behaviour of the copper-bearing particles within different perimeter 
texture-composition classes. 
The results have been presented sequentially by first discussing the overall rougher and 
rougher-scavenger recoveries for different sulfide minerals in the IOCG and copper 
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porphyry ores respectively.  Secondly, the copper sulfide mineral recoveries by size for 
each case study are discussed along with the impact of particle copper sulfide perimeter 
composition on their overall recoveries within the size classes.  Thirdly, the overall rougher 
and rougher-scavenger recovery of copper sulfide-bearing mineral particles is evaluated 
for particles with different perimeter texture complexities (different NDC value) within a 
given perimeter composition class.  In the fourth and final part, the rougher-scavenger 
copper sulfide recovery data per particle perimeter texture-composition class is further 
assessed to evaluate the impact of NDC on the overall rougher flotation rate constant and 
associated proportions of recoverable copper sulfide mineral for the different perimeter 
texture-composition class in the copper porphyry ore. 
6.3. Overall sulfide mineral recoveries on an unsized basis 
The Monte Carlo mass balance simulations of the two Case Study data sets produced a 
distribution of likely mineral recoveries for which the mean and standard deviation was 
determined.  For the IOCG ore the overall, unsized recoveries for bornite (Bn), chalcocite 
(Cc), chalcopyrite (Cpy) and pyrite (Py) are shown in Figure 73.  The overall, unsized 
recoveries for chalcopyrite (Cpy), molybdenite (MoS2) and pyrite (Py) from the copper 
porphyry ore are shown in Figure 74.  For both figures, the indicated confidence intervals 
represent the 95% confidence limits (1.96xSD) in the mean recovery values. 
It was observed for the IOCG ore that there was a minor difference between the two major 
copper minerals bornite and chalcocite with a statistically significant mean overall rougher 
recovery difference of 4.6% (1.9%).  There was a greater difference between the 
recoveries of chalcocite and chalcopyrite with a statistically significant mean overall 
rougher recovery difference of 11.1% (4.5%).  Bornite and chalcocite accounted for more 
than 90% of the copper with a further 8.3% attributed to chalcopyrite.  Overall rougher 
copper recovery for the IOCG ore was, therefore, high at approximately 92% (0.5%). 
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Figure 73  Mean overall recovery of sulfide minerals from the IOCG ore following 
Monte Carlo simulations. 
 
 
Figure 74  Mean rougher and overall recovery of sulfide minerals from the copper 
porphyry ore following Monte Carlo simulations. 
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The copper porphyry ore contained chalcopyrite as the primary copper mineral and also 
produced a molybdenite by-product.  Under the conditions surveyed the overall rougher-
scavenger recoveries for both chalcopyrite and molybdenite were high, 91% (0.5%) and 
89% (2%). 
As is the case in many copper ore deposits pyrite was the sulfide gangue component 
contributing to the recovery of primarily iron to the copper concentrates.  For the IOCG ore 
the flotation strategy was to actively depress the flotation of pyrite through elevated (>11) 
pH levels in the flotation feed and Figure 73 shows this was partly successful with pyrite 
recovery just over 60%.  For this ore the concentration of pyrite in the feed was low (< 
0.3%) and as such did not dilute the copper concentrate at the measured level of recovery.  
During the processing of the copper porphyry ore a combination of a copper selective 
collector and burner oil (molybdenite collector) was used in the rougher-scavenger flotation 
circuit.  The low recovery of pyrite in the rougher and scavenger sections compared to the 
two target sulfide minerals indicated that appropriate selectivity was achieved while 
maintaining high target mineral recoveries.  Pyrite flotation was further actively depressed 
through the addition of lime which increased the flotation pH to above 10.5. 
The overall sulfide mineral locking characteristics in the flotation feed for the two ores are 
shown in Figure 75 and Figure 76 as determined from MLA particle sections.  It was 
observed that the majority of the unliberated sulfide minerals in the IOCG ore were 
associated with the non-sulfide component.  This was favourable as it allowed the 
depression of pyrite without a negative effect on the recovery of the copper minerals.  For 
bornite, the remainder of the unliberated component was associated with chalcocite and 
chalcopyrite with very little in association with pyrite.  For the rest of the sulfide minerals 
(chalcocite, chalcopyrite and pyrite) bornite was a major association with chalcocite also a 
minor component with pyrite. 
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Figure 75  Overall liberation characteristics of sulfide minerals in the IOCG ore 
flotation feed. 
 
Chalcopyrite in the copper porphyry ore feed (Figure 76) showed a very high degree of 
overall liberation with nearly 70% of the mineral completely liberated.  Parallel research as 
part of the AMIRA P9P project focused on characterising the properties of chalcopyrite in 
the ‘unbroken’ rocks to better understand its liberation characteristics for modelling and 
simulation purposes.  These studies indicated that a high mass proportion of the 
chalcopyrite was present as very coarse grains or vein-type inclusions which produced 
high-grade particle (>90% sulfide minerals) even at coarse particle sizes (+2 mm).  These 
are believed to have contributed to the overall high degree of chalcopyrite liberation during 
comminution.  This work is still ongoing and does not form part of this thesis.  The 
remainder of the chalcopyrite was present in binary particles with either pyrite or the 
remainder of the non-sulfide component (Rest). 
Bornite Chalcocite 
Chalcopyrite Pyrite 
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Figure 76  Overall liberation characteristics of sulfide minerals in the copper 
porphyry ore flotation feed. 
 
Even at a relatively low feed grade of approximately 362 ppm molybdenite still liberated 
very well with approximately 50% of its mass present as fully liberated particles.  The 
remainder of this mineral was present as ternary particles with pyrite and the non-sulfide 
component followed by a binary component with the non-sulfide component.   
As was the case with the IOCG ore, the pyrite in the copper porphyry ore was also well 
liberated with most of the unliberated pyrite present in binary particles with non-sulfide 
minerals and a minor component (9.7% by weight) locked in chalcopyrite and chalcopyrite-
non-sulfide gangue ternary particles.  Again this was favourable from a pyrite depression 
perspective as successful rejection of pyrite was achieved without any detrimental effect to 
the recovery of chalcopyrite or molybdenite. 
Chalcopyrite Molybdenite 
Pyrite 
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For both ores, complete liberation of the sulfide minerals was not achieved and the 
recovery of composite particles formed an important contribution towards achieving the 
high overall rougher and rougher-scavenger recoveries.  Increased sulfide mineral 
liberation may be achieved through a finer flotation feed particle size distribution and the 
size-by-size recovery of the different minerals are considered next to determine the 
recovery sensitivity of the minerals to particle size and to discuss the rationale for a finer 
flotation feed size distribution. 
6.4. Mineral recoveries by size 
The Monte Carlo simulation outputs were used to determine the recovery of the different 
sulfide minerals on a size-by-size basis and the results for the two Case Study ores are 
presented in Figure 77 and Figure 78.  The error bars represent the 95% confidence 
intervals. 
The main copper sulfide minerals (bornite and chalcocite), as well as chalcopyrite in the 
IOCG ore, exhibited an optimum size range between -75+38 m and -22+5 m (geometric 
means of 53 m and 10 m respectively) along with a very strong decrease in recovery at 
particle sizes coarser than 75 m.  Pyrite recovery was at a maximum in the -75+38 m 
size class. 
 
 
Figure 77  Size-by-size overall recovery of sulfide minerals in the IOCG flotation 
feed. 
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Figure 78  Size-by-size rougher and overall recovery of sulfide minerals in the 
copper porphyry flotation feed. 
 
 
 
Chalcopyrite Molybdenite 
Pyrite 
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In comparison to the IOCG ore, the chalcopyrite and molybdenite size-by-size recoveries, 
from the copper porphyry ore (Figure 78), also exhibited a very strong increase in recovery 
from 150 m to 106 m, followed by a further but smaller increase to 75 m.  The 
decrease in chalcopyrite recovery for the copper porphyry ore was however not as severe 
as that for bornite, chalcocite and chalcopyrite in the IOCG ore.  The feed to the IOCG 
flotation circuit contained a high proportion (approximately 50% by mass) of high density 
(SG = 5.2) iron oxides whereas the majority of the feed to the copper porphyry flotation 
circuit (~92% by mass) comprised of non-sulfide gangue minerals with specific gravities 
ranging from 2.6 to 3.0.  This will have an impact on the pulp specific gravity and higher 
pulp specific gravities have been shown to negatively impact on recovery (Runge, et al., 
2012).  The reasons for these changes are still being investigated as ongoing research 
within the AMIRA P9 project and a particular hypothesis is that pulp density severely 
affects the energy profile within mechanical cells (Meng, et al., 2016) which subsequently 
impacts recovery in the pulp and the froth phase.( Tabosa, et al., 2016a; Tabosa, et al., 
2016b). 
Inspection of the locking characteristics of bornite, chalcocite and chalcopyrite in the 
+150 m feed size class further revealed that high proportions of these minerals were 
associated with the iron oxide component in the ore and Table 25 provides a summary of 
these locking characteristics.  The presence of the high density iron oxide gangue in the 
copper-bearing particles is a likely further cause for the greater reduction in copper mineral 
recovery at this coarse particle size for the IOCG ore since particle density has been 
shown to play a key role in determining particle flotation kinetics at the sub-process level 
(Yoon & Mao, 1996; Pyke, 2004; Sherrell, 2004). 
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Table 25  Locking characteristics of sulfide minerals in the +150 m size class for 
the IOCG ore. 
Copper 
sulfide 
Locked with iron 
oxides 
Locked with 
quartz 
Bornite 31.3 37.6 
Chalcocite 56.0 20.8 
Chalcopyrite 19.6 20.6 
  
 
A third aspect that might contribute to the poor recovery of coarse copper-bearing minerals 
in the IOCG ore is the impact of high-density non-sulfide gangue on the froth phase where 
heavier gangue minerals tend to produce a much less stable froth (Wiese & O'Connor, 
2016). 
The optimum size range for the copper porphyry ore appeared to be between 20 m to 75 
m which was marginally coarser that the optimum size range for the IOCG ore.  In the 
copper porphyry ore case, lower recoveries were however observed for particles smaller 
than 20 m.  Bulatovic, et al. (1998) reported some size-recovery behaviours of large-
scale copper porphyry operations and the size-by-size data for the copper porphyry ore in 
this study is compared to those in Figure 79. 
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Figure 79  Comparison of the overall sized-by-size recovery behaviour of the 
copper porphyry ore in this study to data published by Bulatovic et al., (1998) for 
other copper porphyry operations. 
 
In comparison, the copper porphyry ore used in this study produced a very similar 
behaviour at the coarse end of the size distribution as the Chuquicamata data.  The 
greatest difference, however, was at the fine particle sizes where the ore in this study 
produced superior recoveries of fine particles compared to the other porphyry operations 
reported by Bulatovic, et al. (1998). 
In comparing the size-by-size recovery behaviour of pyrite for the two ores in this study it 
was noted that this behaviour of pyrite was different.  For the IOCG ore the expected 
behaviour was observed where an optimum size range existed with lower recoveries at 
either side of the optimum size range.  For the copper porphyry ore the results from the 
Monte Carlo simulations indicated a consistent increase in pyrite recovery as particle size 
increased.  To try and find a possible reason for this difference the locking characteristics 
of pyrite grains in composite particles for the two ores were examined and are shown in 
Figure 80 and Figure 81 below.  The binary components refer to the mass proportion of 
pyrite present in binary particles with copper sulfide minerals as the second mineral.  The 
ternary components refer to the mass proportion of pyrite present in particles that contain 
201 
 
pyrite, copper sulfides and non-sulfide gangue.  The liberated components refer to the 
mass proportion of pyrite present as fully liberated pyrite particles.  The difference between 
the total height of each bar in Figure 80 and Figure 81 and the 100% mark represents the 
mass proportion of pyrite present in binary particles with non-sulfide gangue. 
For both ores, the proportion of pyrite in composite particles decreased as the particle size 
decreased and liberation increased.  For the IOCG ore (Figure 80) the largest proportion of 
pyrite was present in binary particles with non-sulfide gangue for the +150 m size class.  
For finer particle sizes an increase in the proportion of pyrite present in copper sulfide 
bearing particles resulted up the +22 m size class after which liberation increased and 
the presence of composite pyrite particles reduced.   
 
 
Figure 80  Locking characteristics of pyrite on a size-by-size basis in the IOCG ore 
flotation feed. 
 
The low recovery of pyrite in the coarse (+150 m) size class may then have been caused 
due to poor liberation from the non-sulfide gangue and depression was further enhanced 
by maintaining a high pH.  For the fine size classes (below 22 m) low recoveries may 
have been caused due to the successful depression of pyrite at elevated pH levels since 
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the majority of pyrite in these size classes were fully liberated.  The higher pyrite 
recoveries at the intermediate size classes may then have been caused by the presence 
of copper sulfides in pyrite-bearing particles which increased the flotation recovery of pyrite 
due to the strongly hydrophobic nature of the copper sulfide minerals. 
The consistent increase in the recovery of pyrite as particle size increased for the copper 
porphyry ore is attributed to the fact that the presence of copper sulfides, particularly 
chalcopyrite, increased at coarser size classes and this aided the recovery of pyrite-
bearing particles (Figure 81).  For finer size classes the combination of copper and 
molybdenum selective collectors and an elevated pH successfully depressed pyrite 
flotation. 
 
 
Figure 81  Locking characteristics of pyrite on a size-by-size basis in the copper 
porphyry flotation feed. 
 
The size responses of the valuable sulfide minerals (copper- and molybdenum-bearing) in 
the Case Study ores were consistent with current knowledge of mineral flotation and was 
influenced by complex interactive sub-processes that govern particle suspension and 
particle-bubble collisions, the successful attachment of target-mineral bearing particles to 
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air bubbles and the ability of these particle-bubble aggregates to remain stable throughout 
the pulp and froth phase until they are collected into the concentrate (Schuhmann, 1942; 
Sutherland, 1948; Luttrell & Yoon, 1992; Ralston & Dukhin, 1999; Reay & Ratcliff, 1973; 
Nguyen, 1998; Nguyen, 2003; Nguyen & Nguyen, 2006; Weber & Paddock, 1983). 
There exists a well-established body of knowledge on this particular subject where both 
coarse and fine particles exhibit lower recoveries compared to the intermediate size 
classes.  For coarse particles the first aspect is that these particles comprise a higher 
mass that makes them more favourable for detachment from the surface of a bubble in a 
turbulent flotation cell (Jameson, et al., 1977; Pyke, et al., 2003; Pyke, 2004; Duan, et al., 
2003; Yoon & Mao, 1996; Sherrell, 2004; Yoon, et al., 2012).  The second aspect 
contributing to the low recovery of coarse particles is the fact that they in general exhibit 
poor liberation of the hydrophobic minerals.  This reduces the exposed surface area 
fraction of hydrophobic minerals in contact with the air bubbles and decreases their 
flotation response.  During property-based modelling of the flotation process, this may be 
addressed by reducing the effective contact angle ( a proxy for hydrophobicity) of coarse 
particles (Ralston, et al., 2007) by taking into account the total target mineral composition 
of the particles surfaces and determining a weighted contact angle accordingly. 
Fine particles, although highly liberated in most cases, exhibit lower recoveries due to the 
fact that their attachment probabilities are lower (Pyke, et al., 2003; Pyke, 2004; Yoon & 
Luttrell, 1986; Yoon & Mao, 1996; Yoon, et al., 2012).  For successful particle-bubble 
attachment to be achieved an approaching particle must possess a sufficiently high kinetic 
energy to ensure the thin liquid film between the particle and bubble is breached to 
facilitate attachment.  Because this kinetic energy is proportional to the mass of the 
particle, small particles have a low kinetic energy and therefore lower attachment 
probabilities result. 
The hydrophobic nature of particle surfaces influence the way by which the sub-processes 
of particle-bubble attachment and aggregate stability is affected and therefore affects 
particle flotation efficiency (Pyke, et al., 2003; Pyke, 2004; Yoon & Luttrell, 1986; Yoon & 
Mao, 1996; Yoon, et al., 2012; Albijanic, et al., 2011; Albijanic, 2012; Min, 2010).  In the 
following section, the role of particle composition in the recovery of copper minerals was 
considered.  For the IOCG ore a combined bornite + chalcocite group was the focus 
(based on similar flotation responses in Figure 77, and for the copper porphyry ore the 
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focus was on chalcopyrite.  This was a precursor to the main focus of this chapter which 
aimed to determine whether differences in the spatial arrangement of exposed copper 
mineral grains (bornite + chalcocite or chalcopyrite) impacted on the rougher flotation 
behaviour of mineral particles from two the industrial Case Study ores. 
6.5. Impact of particle perimeter composition 
For the IOCG ore three particle perimeter composition classes were considered for each 
size class namely 0-20%, 20-40% and 40-100% bornite + chalcocite composition.  This 
was done primarily to reduce the number of adjusted parameters in Excel during mass 
balancing but also with knowledge of the fact that beyond 40% exposed perimeter 
composition of bornite + chalcocite (see section 5.3) very few particles showed complex 
bornite + chalcocite perimeter textures and therefore it was not feasible to consider this 
case due to low confidence in the mineral mass proportions in those classes.  For the 
copper porphyry ore four particle perimeter composition classes were considered for each 
size class namely 0-20%, 20-40%, 40-80% and 80-100% chalcopyrite composition.  The 
size-by-size overall rougher recovery for bornite (Bn) + chalcocite (Cc) (IOCG ore) and 
size-by-size overall rougher + scavenger recovery for chalcopyrite (Cpy) (copper porphyry 
ore) from the two Case Study ores are shown in Figure 82 and Figure 83.  Again the 95% 
confidence intervals are shown in each case. 
As expected the results presented in Figure 82 and Figure 83 show that the recovery of 
copper minerals increased within a particle size class as the copper mineral grade at the 
particle perimeter increased.  Two distinct differences are however seen in the recovery of 
coarse and fine particles from the two ores.  For highly liberated fine particles high 
recoveries were achieved from both ores but the recovery of bornite + chalcocite was far 
less affected by perimeter composition compared to that of chalcopyrite.  The presence of 
other hydrophobic minerals such as chalcopyrite and pyrite at these fine size classes may 
have been a likely cause and to determine this the average particle perimeter composition 
for the fine size classes (+22 m, +17 m, +11 m and -11 m) in the IOCG ore was 
compared to that of the -20 m size class of the copper porphyry ore.  This information is 
presented in Figure 84 and Figure 85 and it was observed that for the IOCG ore elevated 
levels of chalcopyrite and pyrite were present particularly for the 0-20% and 20-40% 
perimeter composition classes.  This is in contrast to the copper porphyry ore where very 
little other sulfides were present.  The presence of other sulfides at the perimeter of 
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particles will influence the flotation behaviour of these particles, even if the target minerals 
are present at very low levels.  This may be a possible reason for the high recovery of 
bornite + chalcocite from the IOCG in low-grade particles compared to chalcopyrite in the 
copper porphyry ore.  Other factors that could have contributed include differences in the 
levels of agitation in the flotation cell which will also affect the attachment and detachment 
of particles with low hydrophobicity.  Both these aspects (the influence of other sulfide 
minerals and turbulence) are however beyond the scope of this thesis. 
 
 
Figure 82  Overall recovery of combined bornite + chalcocite as a function of 
particle size and particle perimeter composition. 
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Figure 83  Overall recovery of chalcopyrite as a function of particle size and 
particle perimeter composition. 
 
 
Figure 84  Particle perimeter composition of fine size classes in the IOCG flotation 
feed. 
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Figure 85  Particle perimeter composition of -20 m size class in the copper 
porphyry flotation feed. 
 
When considering the size behaviour of the copper minerals for both ores it was also 
observed that the optimum size range for recovery was extended to coarser size classes 
when the particle perimeter compositions exceeded 40% of the target copper minerals, 
compared to when considering the size-by-size behaviour of the copper minerals (see 
Figure 77 and Figure 78) based on assay fractions only.  Clearly, a combination of particle 
size and liberation was responsible for the size-by-size recovery behaviour of these coarse 
particles.  In addition, the highly liberated coarse (+150 m) chalcopyrite particles in the 
copper porphyry ore showed very high recoveries whereas the same sized particles in the 
IOCG ore showed a very strong decrease in recovery.  As with the fine particles, 
differences in the levels of agitation in the flotation cell may have caused this but the froth 
phase may also have affected the coarse particles differently.  These are aspects that did 
not form part of this investigation but clearly present areas of further research, as they can 
potentially yield significantly different outcomes as is shown by this analysis. 
There have been discussions in the literature on the primary drivers for the size-liberation 
behaviour of composite particles although both size and liberation are seen as important 
aspects.  Jameson (2012) presented an argument for the case of particle size by re-
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interpreting two previously published data sets from Welsby (2009) and Muganda, et 
al. (2011).  For these laboratory investigations, within a particular size class, the ratio of 
the pulp phase flotation rate constant to the maximum pulp phase flotation rate constant 
(achieved at highest liberation class) was determined and when plotted against liberation 
class for all size classes the data indicated that a single liberation function could be 
applied to represent all size classes.  Jameson (2012) concluded that these results 
confirmed that the poor recovery of coarse particles was primarily affected by their size.  
This must be taken in the context of the recovery behaviour of classes of particles as the 
particle size changes, which in the case of the data presented by Jameson (2012) showed 
that all liberation classes behaved in a similar manner.  Within a given size class, however, 
recovery is significantly affected by surface liberation phenomena albeit to the same extent 
for the different size classes for the ores reported by Jameson (2012).  For property-based 
modelling both aspects need to be understood as this may be ore-dependent as cautioned 
by Jameson (2012). 
A similar type of assessment can be made for the size-perimeter composition class 
recoveries of the copper minerals from the two ores in this thesis.  In each case, the 
recovery of a specific size-perimeter composition class was divided by the maximum 
recovery (achieved at the 40-100% or 80-100% perimeter composition class) for that size 
class.  These ratios (R/Rmax) were plotted against the mid-point of the perimeter 
composition class for the various size classes and the results are shown in Figure 86 and 
Figure 87.  High recoveries for poorly liberated, fine minerals are not uncommon 
(Sutherland, 1989) in the case of copper minerals and this was also the case for the two 
ores in this study, particularly for the IOCG ore.  The coarser particles, +150 m and +106 
m for the porphyry ore and +150 m and +75 m for the IOCG ore, were affected to a 
much greater extent by liberation.  A direct comparison with the results reported by 
Jameson (2012) was not appropriate for the two Case Study data sets since they 
represented overall rougher and rougher + scavenger recoveries which incorporated froth 
phase phenomena as well as entrainment.  If the analysis applied by Jameson (2012) was 
true for these cases as well, that is, the rate of recovery in the pulp phase for different size 
classes was affected to the same extent by a change in liberation, then it is plausible to 
conclude that the change in slopes in Figure 86 and Figure 87 was due to differences in 
the efficiency with which the different size and liberation classes were transported through 
the froth to the concentrate. 
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This is a subject that has been studied extensively (Seaman, 2006; Welsby, 2009; 
Rahman, et al., 2013) and clearly is an important aspect in the overall recovery of 
hydrophobic minerals through froth flotation.  Further in-depth analysis of this aspect was 
beyond the scope of this thesis. 
For the pulp phase, a surface compositional approach (Ralston, et al., 2007; Evans, 2010; 
Ford, et al., 2011) is frequently applied to estimate the response of composite mineral 
particles.  There is, however, evidence that suggests this approach might not strictly be 
true for heterogeneous mineral particles present in flotation feeds (Hua, et al., 2009; Gao 
& McCarthy, 2009; Fosu, et al., 2015b; Gautam & Jameson, 2012; Jameson, 2012).  
These authors suggested that amongst a number of things the length of the contact line 
instead of the proportion of the target mineral or surface liberation determines flotation 
response.  This may be affected by the spatial arrangement of multiple exposed 
hydrophobic grains at particle surfaces; a feature not previously investigated in the 
literature and addressed next for the Case Study ores. 
 
 
Figure 86  Ratio of overall rougher recovery to maximum overall rougher recovery 
as a function of perimeter composition class for different particle size classes in the 
IOCG Case Study. 
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Figure 87  Ratio of overall rougher recovery to maximum overall rougher recovery 
as a function of perimeter composition class for different particle size classes in the 
copper porphyry Case Study. 
 
6.6. The impact of exposed grain arrangements on overall mineral rougher recovery 
 
6.6.1. Introduction 
In Chapters 4 and 5 it was demonstrated that: 
1. The spatial arrangement of exposed copper mineral grains can be quantified from 
particle sections through an indicator termed the cumulative weighted perimeter 
distribution of exposed mineral grains (NDC). 
2. It is possible to determine the weight percentage of a specific mineral in different 
perimeter texture-composition classes using this indicator and to estimate the 
associated confidence intervals in the mean mass distribution of a mineral to these 
classes. 
The analysis of the MLA particle section statistics for the IOCG ore in Chapter 5 indicated 
that particle sections with complex perimeter textures for the combined bornite + chalcocite 
component were only observed for the coarser (+150 m, +75 m and +38 m) size 
classes and only up to the 20-40% perimeter composition class.  Although all three 
Size class 
(m) 
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perimeter composition classes (see Figure 82 and Figure 84) were considered for all size 
classes in the overall mass balance of the rougher section, only these three size classes 
were extended to include perimeter texture classes for mass balancing and overall rougher 
recovery assessments of the copper minerals.  The bootstrap resampling technique 
applied in Chapter 5 showed that, statistically, the following classes of perimeter textures 
were feasible for the IOCG ore based on the value of NDC for each copper mineral-bearing 
particle section: 
 0.0 < NDC <= 0.8, representing the complex texture classes 
 0.8 < NDC <=1.0, representing the simple texture classes 
A similar statistical assessment of the particle sections for the copper porphyry ore 
highlighted that the 0-20% and 20-40% perimeter composition classes may be extended to 
the same two texture classes for the three coarse size classes (+150 m, +106 m and 
+75 m). 
The confidence intervals determined in the mean mass proportion of the target copper 
minerals, using the bootstrap resampling technique, was applied in a mass balance routine 
(see Chapter 3 for full details) to determine the mass flows of copper in each perimeter 
texture-composition class for the three coarse size classes from each Case Study ore.  
This was done through a Monte Carlo simulation approach and the sections that follow 
discussed the outcome of these results.  To address objective three of this thesis it was of 
interest to establish whether the overall rougher and rougher scavenger recovery 
differences between these perimeter texture classes were present, within a given 
perimeter composition and size class, from the Case Study ores and if so, how much 
confidence can be placed in the measured mean differences. 
6.6.2. Overall rougher and rougher-scavenger recovery of perimeter texture classes 
The overall copper mineral recovery for the perimeter texture classes for the two ores was 
presented differently due to the nature of the information available for each.  In the case of 
the IOCG ore only the overall rougher flotation recovery was determined by the mass 
balance and therefore only the overall rougher flotation bornite + chalcocite recovery for 
each perimeter texture class was reported, per perimeter composition and size class.  For 
the copper porphyry ore it was possible to calculate the overall rougher and scavenger 
212 
 
flotation recoveries and in this case the recovery of chalcopyrite for the different perimeter 
texture classes was determined for both the rougher and rougher + scavenger sections, 
per perimeter composition and size class.  The overall rougher recovery of bornite + 
chalcocite for the two perimeter texture classes, per size class, is presented in Figure 88 
and Figure 89 for the 0-20% and 20-40% perimeter composition classes, respectively.  
The overall recovery of chalcopyrite, as a function of residence time, within the two 
perimeter texture classes, for each of the three size classes and two perimeter 
composition classes is presented in Figure 90.  Details of the calculation of residence time 
for the two sections are given in section 6.7.  The error bars in all cases represent the 
1xSD confidence intervals based on the outcomes of the Monte Carlo simulations. 
For the IOCG ore differences were observed for all three size classes in the 0-20% 
perimeter composition class.  The bornite + chalcocite present in particle sections with a 
greater perimeter texture complexity produced higher overall mean rougher recoveries 
compared to the simple texture class.  No meaningful differences were observed for the 
20-40% perimeter composition classes, for all three size classes. 
The chalcopyrite in the porphyry ore that was present in particle sections with more 
complex perimeter textural features also recovered to a greater extent compared to the 
simple texture class.  This was particularly true for both the rougher and rougher + 
scavenger recoveries for the 0-20% and 20-40% perimeter composition classes in the 
+106 m size class, and the +150 m and +75 m size classes from the 20-40% perimeter 
composition classes.  For the 0-20% composition classes, recovery values of the different 
texture classes for the+150 m and +75 m size classes were similar. 
In some cases, significant differences were determined between the mean recovery values 
of the different texture classes.  For example: in the IOCG ore, the absolute difference in 
mean recoveries of bornite + chalcocite from the two texture classes was approximately 
14% for the +38 m size class and 0-20% perimeter composition class.  This is very 
significant and clearly indicates, that although it is well known and accepted that particle 
size and perimeter composition are important drivers of flotation performance of composite 
mineral particles, these two particle characteristics are not sufficient to fully describe their 
flotation performance in all cases.  It is therefore of interest to establish the degree of 
confidence that one can place in the mean recovery differences to determine the role of 
textural complexity as defined in this thesis. 
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The mean recovery for the complex texture class in the abovementioned case was 
approximately 92% with a standard deviation of 3.8%.  For the simple texture class, a 
mean recovery of approximately 77% was measured with a standard deviation of 4.4%.  
Using equation (106) a normal distribution plot for the recovery frequency for each of these 
two cases can be constructed and this is shown in Figure 91.  Some overlap of the 
calculated recoveries resulted between the 80% and 90% levels but the frequencies were 
relatively low.  It was therefore of interest to determine the confidence that may be placed 
in the mean difference by considering the complete distributions from the two texture 
classes.  To do so a statistical test was applied to the complete population of mean 
differences. 
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Figure 88  Overall rougher recovery of bornite + chalcocite for the IOCG ore in the 
0-20% perimeter composition class as a function of perimeter texture class and 
particle size class. 
 
  
Figure 89  Overall rougher recovery of bornite + chalcocite for the IOCG ore in the 
20-40% perimeter composition class as a function of perimeter texture class and 
particle size class. 
Error bars = 1SD 
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Figure 90  Overall recovery of chalcopyrite for the porphyry ore as a function of 
residence time, for each of the perimeter texture classes per size class and 
perimeter composition class.  The error bars in all cases represent a 1xSD 
confidence interval. 
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The Monte Carlo simulations produced N calculated recovery values for each of the two 
texture classes based on N synthetic data sets that were produced through knowledge of 
the underlying error in each of the measured data points.  Let us assign Rs the matrix of N 
recovery values for the simple texture class and Rc the same for the complex texture 
class, therefore Rs = {Rs,1, Rs,2…Rs,N} and Rc = {Rc,1, Rc,2…Rc,N} respectively. 
 
 
Figure 91  Frequency distribution of calculated bornite + chalcocite recovery for 
complex and simple texture classes, determined using the mean and standard 
deviations as determined from Monte Carlo simulations. 
 
First the difference in recovery (complex – simple texture recovery) was calculated for the 
N pairs of recovery values to produce a matrix Rd = {Rd,1 = Rc,1 – Rs,1, Rd,2 = Rc,2 - 
Rs,2…Rd,N = Rc,N - Rs,N}.  The mean and standard deviation for these N recovery 
differences were then determined using equations (91) and (92) respectively.  For this 
particular case of the IOCG ore (+38 m size class, 0-20% perimeter composition class) 
the mean recovery difference was approximately 14.3%, that is, the bornite + chalcocite in 
the complex texture class produced on average a 14.3% higher recovery compared to the 
simple texture class.  The standard deviation (SD) in the N pairs of recovery differences, in 
this case, was approximately 5.7%.  What is of interest now is to establish, given the 
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distribution of recovery value differences represented by Rd, what confidence can be 
placed in the mean recovery difference of 14.3% given the standard deviation of 5.7%.  To 
do this a z-value was firstly calculated as z = (mean/SD) = 2.52 that represented the 
standardised Normal deviate for this case.  Using the NORMSDIST(z) function in Microsoft 
Excel the one-tailed probability associated with this was determined as 0.994 (99.4%).  To 
produce the confidence based on a two-tailed probability a P-value was determined as P = 
2*(1-0.994) = 0.012.  From this the desired confidence in the mean recovery difference of 
14.3% was calculated as 100*(1-0.012), or 98.8%.  This meant that, given the standard 
deviation of 5.7% in the mean recovery difference of 14.3%, this recovery difference was 
meaningful with 98.8% confidence.  If the standard deviation was higher at for example 
10% the confidence would have reduced to 84.6%. 
Using this approach the levels of confidence in the mean recovery differences for both the 
IOCG ore and copper porphyry ore were determined and these are summarised in 
Table 26 and Table 27.  These results confirmed that for the first time the differences in 
rougher and rougher + scavenger flotation recovery of copper minerals from different 
perimeter texture classes could be determined and that in a number of the cases these 
differences were statistically significant (greater than 68% confidence which relates to 
within one standard deviation of the mean value).  In some cases, the confidence was just 
below the 80% mark and it is reasonable to assume that should greater confidence be 
obtained in the proportions of copper minerals in the texture classes for those size 
fractions, for example through additional measurements, that the confidence can be 
increased.  The evidence provided here is however sufficiently robust to confirm that 
although it is well known and accepted that particle size and perimeter composition are 
important drivers of the flotation performance of mineral particles, these two particle 
characteristics are not sufficient to fully describe their flotation performance and that 
knowledge of the distribution of exposed hydrophobic minerals grains are essential. 
It was also noted that for the IOCG ore no difference was observed in the copper mineral 
recovery for the 20-40% perimeter composition class whereas significant differences were 
observed in the case of the copper porphyry ore.  It was not clear from the results 
presented in this study and the composition of the particle section perimeters as to why 
this may have been the case.  Other operational factors may very well have contributed to 
this discrepancy and further work is required to better understand this.  Confidence in the 
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mass proportions of the bornite + chalcocite in the complex texture classes for these size 
classes in the tail sample (see Table 23 in Chapter 5) were also high which meant that a 
very large variation would have resulted during mass balance and this would have 
contributed to the low confidence in the recovery differences.  This, along with the fact that 
the mass proportions of bornite + chalcocite in the feed in the complex and simple texture 
classes were similar (see Figure 64) meant that the Monte Carlo simulations were not able 
to identify differences in the recoveries of these texture classes.   
For the copper porphyry ore the differences in the mass proportions of chalcopyrite in the 
texture classes for the 20-40% perimeter composition class were different which meant 
that even with the measured variations meaningful recovery differences were determined 
from the Monte Carlo simulations.  This further confirmed the importance of achieving 
greater confidence in the mass proportions of the target mineral within various texture 
classes to ensure recovery differences can be determined with greater confidence in future 
work. 
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Table 26  Summary of the confidence in the mean recovery differences for the 
various texture classes for the IOCG ore. 
Size class 
Perimeter 
composition class 
Mean recovery 
differences 
% Confidence 
+150 m 
0-20% 
6.4% ~72% 
+75 m 5.7% ~77% 
+38 m 14.3% ~99% 
+150 m 
20-40% 
-4.0% 
No confidence +75 m -1.8% 
+38 m -1.4% 
  
 
Table 27  Summary of the confidence in the mean recovery differences for the 
various texture classes for the copper porphyry ore. 
Size class Recovery 
Mean recovery 
differences 
% Confidence 
0-20% Perimeter composition 
+150 m 
Rougher recovery 
~1.0% No confidence 
+106 m ~7.6% ~94% 
+75 m ~1.0% No confidence 
+150 m 
Rougher + scavenger 
recovery 
~2.1% ~70% 
+106 m ~7.3% ~90% 
+75 m ~-3.3% No confidence 
20-40% Perimeter composition 
+150 m 
Rougher recovery 
~10.4% ~95% 
+106 m ~14.1% ~99% 
+75 m ~4.3% ~90% 
+150 m 
Rougher + scavenger 
recovery 
~17.3% ~99% 
+106 m ~13.6% ~99% 
+75 m ~0.8% ~99% 
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6.7. The impact of perimeter texture on the overall rougher flotation rate constant 
 
6.7.1. Introduction 
To estimate the effective rougher and rougher + scavenger residence time for the copper 
porphyry ore circuit the following was done.  From the mass balance the pulp volumetric 
flows (Qp, m
3/h) in each stream was calculated as: 
Q𝑝,𝑖 =
𝑀𝑠,𝑖
𝑆𝐺𝑠𝑜𝑙𝑖𝑑𝑠
+𝑄𝑤𝑎𝑡𝑒𝑟,𝑖 (107) 
Ms,i represents the mass follow (t/h) of solids in stream ‘i’ and SGsolids the specific gravity of 
solids for a given stream with Qwater,i the volumetric flow rate of water (m
3/h) in that stream.  
From this the effective residence time () in a flotation cell was determined as: 
 =
𝑉𝑒𝑓𝑓
𝑄𝑝,𝑡𝑎𝑖𝑙
 (108) 
Veff is the effective total cell volume and was determined as: 
𝑉𝑒𝑓𝑓 = (𝑉𝑐𝑒𝑙𝑙 − 𝑉𝑓𝑟𝑜𝑡ℎ) ∙ (1 − 𝑔) (109) 
Vcell is the total cell volume (m
3) and the froth volume (Vfroth) was determined as the cross-
sectional area of the cell multiplied by the measured froth depth.  The gas hold-up (g) 
represents the volume of the pulp occupied by gas in the form of bubbles and the 
measurement technique followed was that described by Coleman, et al. (2006).  The 
rougher section comprised four cells and therefore the effective rougher residence time 
was the sum of the calculated residence times for all four cells and was calculated at 
approximately 8.7 minutes (4x 2.17 minutes).  The scavenger residence time was 
calculated as the sum of the residence times of the seven cells following the four rougher 
cells and this was calculated at approximately 16 minutes (7x 2.29 minutes).   The total 
circuit residence time was therefore approximately 24.7 minutes. 
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6.7.2. Estimating the overall rougher flotation rate constant 
The overall recovery of mineral particles within a specific rate class (Roverall,i) to the rougher 
and scavenger concentrates can be calculated using equation (19) and accounts for both 
true flotation (bubble attachment) and recovery through entrainment.  For the purpose of 
this thesis, the focus was on the overall rougher flotation rate constant (ki) of minerals 
within rate classes, which was a function of the ore floatability, froth phase effects and 
hydrodynamic conditions and turbulence in the flotation cells.  Therefore equation (19) was 
simplified to: 
𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙,𝑖 =
𝑘𝑖 ∙ 𝜏 ∙ (1 − 𝑅𝑤) ∙ 𝐸𝑁𝑇𝑖 + 𝑅𝑤 ∙ 𝐸𝑁𝑇𝑖
(1 + 𝑘𝑖 ∙ 𝜏) ∙ (1 − 𝑅𝑤) ∙ 𝐸𝑁𝑇𝑖 + 𝑅𝑤 ∙ 𝐸𝑁𝑇𝑖
 (110) 
ENTi represented the degree of entrainment of fully liberated hydrophilic gangue particles 
within a specific size class and Rw the water recovery from either the rougher or scavenger 
section.  The water recovery from the rougher section was calculated at approximately 
1.36% from the mass balance and for the scavenger section, this value was calculated at 
approximately 1.05%.  Using the mass balanced recoveries of fully liberated quartz 
particles (see Chapter 7 for more details) the degree of entrainment for the rougher and 
scavenger sections, per size class, was estimated using the definition by Savassi (1998) 
namely: 
𝐸𝑁𝑇𝑖 =
𝑅𝑆
𝑅𝑤
 (111) 
Rs represented the recovery of fully liberated quartz per size class, for the rougher and 
scavenger sections respectively.  A summary of the ENTi values applied in this thesis is 
given in Table 28.  A consistent increase in the degree of entrainment was observed for 
both sections as the particle size decreased and this was consistent with current 
knowledge of hydrophilic gangue entrainment in flotation systems. 
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Table 28  Degrees of entrainment applied for the estimation of the overall rougher 
flotation rate constants. 
Size class 
Rougher 
section 
Scavenger 
section 
+150 m 0.0799 0.1163 
+75 m 0.0837 0.1561 
+38 m 0.1701 0.2105 
+20 m 0.1502 0.2296 
-20 m 0.3208 0.4479 
  
 
To estimate the overall rougher flotation rate constant based on the overall recovery 
values for the different texture classes a macro was set up in Microsoft Excel VBA.  The 
macro applied the rougher and rougher + scavenger recovery values from the Monte Carlo 
simulations, along with the calculated residence times, degrees of entrainment and water 
recoveries and determined the best estimate of the overall rougher flotation rate constant 
(ki) that matched the mass balanced recovery values in each case.  For most cases, 100% 
recovery was not achieved but a plateau in the total overall recovery was achieved after 
scavenger flotation.  This implied that not all the chalcopyrite mineral mass recovered at a 
particular rate and therefore it was required to estimate the fraction of recoverable 
chalcopyrite (mi) as well as the overall rougher flotation rate constant.  The total overall 
recovery was then calculated as: 
𝑅𝑡𝑜𝑡𝑎𝑙,𝑖 =∑𝑚𝑖𝑅𝑜𝑣𝑒𝑟𝑎𝑙𝑙,𝑖
𝑋
𝑖=1
 (112) 
X, in this case, represented the number of recoverable components for chalcopyrite, for a 
given perimeter texture class.  For the chalcopyrite in this thesis, the recovery in each 
perimeter texture-composition class could be well described by two components namely a 
recoverable component with an overall rougher flotation rate constant ki and a non-
recoverable component.  The fraction of recoverable chalcopyrite in each case was also 
determined and could be well represented by the total rougher + scavenger recovery 
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divided by 100, meaning that the assumption of a two component approach was 
satisfactory in this case. 
6.7.3. Overall rougher flotation kinetic parameters for perimeter texture classes 
From the Monte Carlo simulations, multiple overall rougher flotation rate constants and 
proportions of recoverable chalcopyrite were determined for each case and the mean 
values and associated standard deviations are shown in Figure 92 and Figure 93.  For all 
size classes except the 150 m size class, the mean overall rougher flotation rate constant 
was greater for the complex texture classes.  In comparison, for all size classes except the 
+75 m size class, the mean proportion of recoverable chalcopyrite was higher for the 
complex texture classes.  This information was applied to rationalise the meaningful 
differences in overall rougher and rougher + scavenger recoveries (Table 27) and it was 
concluded that the observed differences in overall recovery from the previous section were 
as a result of changes to the overall rougher flotation rate constant as well as the 
proportions of recoverable chalcopyrite in each case. 
For the +75 m size class meaningful differences were determined between the texture 
classes for the overall rougher flotation rate constant but not for the proportion of 
recoverable material.  This means that the meaningful difference in overall recovery for 
this size class was as a result of the improved rate of flotation for the 20-40% perimeter 
composition class.  For the +106 m size class meaningful differences (at least 68% 
confidence or confidence within one standard deviation) were determined for both kinetic 
parameters and the consequence was a statistically significant difference in both overall 
rougher and rougher + scavenger recoveries for both perimeter composition classes.  
When considering the +150 m it was observed that no statistically meaningful differences 
in the overall rougher flotation rate constants for the texture classes in both perimeter 
composition classes were determined yet statistically meaning overall recoveries resulted 
(see Table 27).  This was due to the substantial increase in the recoverable chalcopyrite 
for both perimeter composition classes which ultimately translated to higher overall 
rougher and rougher + scavenger recoveries albeit at the same overall rougher flotation 
rate. 
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Figure 92  Overall rougher flotation rate constant for chalcopyrite in the various 
perimeter texture-composition-size classes for the copper porphyry ore. 
 
 
Figure 93  Proportion of recoverable chalcopyrite in the various perimeter texture-
composition-size classes for the copper porphyry ore. 
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Table 29  Summary of the confidence in the mean recovery differences for the 
various texture classes for the copper porphyry ore. 
Size class 
Perimeter 
composition class 
Mean 
difference 
% Change % Confidence 
Overall rougher flotation rate constant (ki) 
+150 m 
0-20% 
-0.011 12% No confidence 
+106 m 0.036 27% ~83% 
+75 m 0.035 18% ~78% 
+150 m 
20-40% 
-0.017 12% No confidence 
+106 m 0.041 18% ~77% 
+75 m 0.060 22% ~88% 
Proportion of recoverable chalcopyrite (mi) 
+150 m 
0-20% 
0.031 19% ~78% 
+106 m 0.064 15% ~83% 
+75 m -0.042 5% No confidence 
+150 m 
20-40% 
0.198 42% ~99% 
+106 m 0.128 15% ~99% 
+75 m 0.002 0% No confidence 
  
 
The results presented highlight very important aspects of the impact of exposed mineral 
grain texture on flotation kinetic parameters not previously reported, namely that improved 
flotation performance can be the result of improved overall flotation kinetics, the presence 
of a greater proportion of recoverable material, or a combination of both.  The extent to 
which differences in the overall recovery of the different texture classes occurred was 
influenced in different proportions by these two aspects. 
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6.8. Key findings 
Two different copper ores were used in this research for which different copper-bearing 
minerals were the target minerals for copper recovery.  The IOCG ore comprised bornite 
and chalcocite as the primary copper minerals with pyrite as the floatable sulfide gangue.  
The copper porphyry ore contained chalcopyrite as the copper mineral of interest and 
pyrite as the floatable gangue component.  For both ores high overall rougher and rougher 
+ scavenger flotation recoveries for the target copper minerals were achieved and the 
depression of pyrite was successfully achieved through a combination of elevated pH 
levels and copper selective collectors.  The copper mineral size-by-size recovery 
behaviours of the two ores both conformed to the existing knowledge of mineral flotation 
whereby an optimum intermediate size range existed which exhibited maximum recoveries 
for the copper minerals.  Despite the fact that the ores contained different copper minerals 
both exhibited optimum recoveries in the 20 m to 90 m size range.  Differences were 
however observed in the fine and coarse size classes.  The IOCG ore produces higher fine 
copper mineral recoveries but showed a much stronger decrease in the recovery of 
coarser (+100 m) particles compared to that for the copper porphyry ore.   
A very distinct difference between the two ores was the size-by-size recovery behaviour of 
pyrite which for the IOCG ore showed a typical size response whereas for the copper 
porphyry ore a consistent increase in pyrite was observed as particle size increased.  
Closer inspection of the locking characteristics of pyrite grains in MLA particle sections, 
however, revealed differences between the two ores.  The pyrite grains in the IOCG ore 
were liberated to a greater extent as particle size decreased but for the intermediate size 
classes (+11-75 m) a portion of the pyrite was locked in particles that contained the target 
copper sulfide minerals and this most likely resulted in a higher recovery in the 
intermediate size class range.  For the copper porphyry ore pyrite liberation also increased 
as particle size decreased but a related decrease in the association of pyrite grains with 
chalcopyrite resulted.  Subsequently, pyrite depression was more efficient as particle size 
decreased due to its increased liberation from chalcopyrite. 
The extent of mineral grain liberation played a significant role in the overall recovery of the 
copper minerals for both ores in this research.  What is interesting is the fact that for both 
ores, high copper mineral recoveries were observed for the 20-40% perimeter composition 
class, for all size classes, and this is similar to the behaviour reported by Savassi ( 2006).  
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The bornite + chalcocite component in the finest size class of the IOCG ore however 
showed much less sensitivity compared to the chalcopyrite in the porphyry ore where a 
very significant reduction in recovery was observed for poorly liberated chalcopyrite grains.  
A potential reason for this was the fact that the low-grade bornite + chalcocite particle in 
the IOCG contained appreciable portions of chalcopyrite and pyrite which may have 
increased their overall flotation recovery efficiency.  For the porphyry ore, this was not the 
case and the low-grade chalcopyrite particles contained predominantly non-sulfide 
gangue.  The extent to which the overall copper mineral recovery changed as a function of 
the degree of liberation within the different size classes (Figure 86 and Figure 87) was also 
different and differences in the froth phase recoveries are potential reasons and further 
research is needed to investigate the impact of the froth phase on particles with different 
degrees of liberation and mineralogy.  This aspect was beyond the scope of this thesis. 
The main focus of the research work undertaken in this chapter was to investigate the 
impact of the spatial arrangement of exposed copper mineral grains on the rougher and 
rougher + scavenger flotation performance of the two ores.  The outcomes highlighted new 
insights into key particle textural characteristics that drive flotation performance which 
have not been previously published.  The impact was considered at the overall circuit 
recovery level as well as by investigating the impact on flotation kinetic parameters.  The 
key findings related to these aspects are summarised below. 
6.8.1. Overall rougher and rougher + scavenger copper mineral recovery 
For the IOCG ore the overall rougher recovery of the combined bornite + chalcocite 
component was determined for two perimeter texture classes within a given perimeter 
composition and size class from Monte Carlo mass balance simulations of the survey data.  
For three coarser size classes (+150 m, +75 m and 38 m) the complex texture classes 
(i.e. copper mineral particle sections with NDC values less than or equal to 0.8) produced 
consistently higher mean overall rougher recoveries compared to the simple texture 
classes (i.e. with NDC greater than 0.8), for the 0-20% perimeter composition class.  
Differences in the mean overall recovery were between 6% and 14% with these 
differences at a confidence of 72% and greater.  Although differences were determined for 
the 20-40% perimeter composition class no confidence could be placed in these 
differences. 
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For the copper porphyry ore it was possible to evaluate the overall flotation recovery as a 
function of residence time across the rougher and scavenger flotation circuit and for the 
+150 m, +106 m and +75 m size classes in the 20-40% perimeter composition class 
chalcopyrite in the complex texture classes showed consistently higher recoveries across 
the circuit.  Meaningful differences were also determined for the +150 m and +106 m 
size classes in the 0-20% perimeter composition class.  These recoveries were higher 
than those from the simple texture classes at a statistical significance between 70% and 
99%, that is, within at least one standard deviation from the mean. 
This highlighted the important contribution of the spatial arrangement of exposed mineral 
grain texture on overall rougher flotation performance which has not previously been 
reported.  For the first time information was presented that clearly showed that the 
recovery of copper minerals, in this case, was affected by its exposed grain texture and 
that although particle size and overall perimeter composition are important particle 
attributes to consider, they were not sufficient by themselves in describing the observed 
particle behaviours in this case.  This was an important outcome and provided new 
evidence that future flotation research and particle property-based modelling approaches 
should consider this aspect. 
The contribution of the exposed grain textural features on the observed overall rougher + 
scavenger flotation recovery was further investigated by considering its impact on two 
flotation kinetic parameters namely the overall rougher flotation rate constant and the 
proportion of recoverable chalcopyrite in the copper porphyry ore.  The findings are 
summarised next. 
6.8.2. Overall rougher + scavenger flotation rate constant and proportion of recoverable 
chalcopyrite 
Statistically meaningful higher overall recoveries were measured in the +150 m size class 
for the complex texture classes in both perimeter composition classes as is illustrated in 
Figure 90 and Table 29.  The assessment of the overall rate of rougher flotation, however, 
indicated that the complex texture classes yielded lower average values (approximately 
12% lower overall flotation rate constant).  This was somewhat unexpected since the 
higher recoveries were expected to be associated with higher flotation kinetics.  Inspection 
of the proportions of recoverable chalcopyrite (mi) for each texture class, however, 
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revealed that a substantial increase in the recoverable fractions resulted for the complex 
texture classes where between 19% and 42% more recoverable chalcopyrite was present.  
This led to the conclusion that the higher overall recoveries for the complex texture 
classes, in this case, were as a result of the combined effect of changes to the overall 
flotation rate constants and the proportions of recoverable chalcopyrite.  In this instance, 
the increases in the latter outweighed the decreases in the overall flotation rate constants 
for the complex texture classes. 
A similar assessment for the texture classes in the +106 m size class revealed that the 
improvements in the overall recovery profiles were due to statically significant increases in 
both the overall rougher rates of chalcopyrite flotation as well as the proportions of 
recoverable chalcopyrite.  For the +75 m size class meaningful differences were 
determined between the texture classes for the overall rougher flotation rate constant but 
not for the proportion of recoverable material.  This means that the meaningful difference 
in overall recovery for this size class was as a result of the improved rate of flotation for the 
20-40% perimeter composition class. 
These outcomes again highlighted new insights into the contribution of exposed copper 
mineral grain textures not previously reported, namely that the observed higher overall 
rougher recovery profiles for complex texture classes were as a result of an increase in the 
overall rougher rate of chalcopyrite flotation, an increase in the proportion of recoverable 
chalcopyrite present or both.  In flotation at the sub-process level flotation separation is 
governed by the spreading of the contact line across the particle surface, a rate 
determining process, as well as the attachment tenacity of the bubble to heterogeneous 
surfaces (Gautam & Jameson, 2012).  It is plausible to assume that the grain textural 
features investigated in this thesis impacted on both these sub-processes.  An 
investigation of these subjects was beyond the scope of this thesis but is clearly an 
important aspect that needs further research to aid the development of future property-
based flotation models. 
At a higher level, these new insights into the particle textural drivers of flotation separation 
are also important in the context of geometallurgy where particle characteristics are more 
frequently being used to determine separation performance (Lamberg, 2011; Lamberg & 
Vianna, 2007).  In the following chapter, the potential aid of an empirical model was 
explored that could be used to predict the observed higher overall rougher and rougher + 
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scavenger flotation of the copper minerals for application in geometallurgical predictions.  
A similar empirical model structure was also investigated to determine if it could more 
accurately predict changes to the flotation kinetic parameters, in light of the fact that 
existing property-based models only consider the overall composition of the particle 
perimeter.  The chapter that follows also explores existing flotation circuit modelling 
techniques to determine if a modification can be made that will allow the distribution of 
particle properties (composition, size, textural features etc.) in process streams to be 
predicted from knowledge of the feed particle characteristics and how this may be used as 
a step towards integrating property-based models across different unit processes (Parian, 
et al., 2016). 
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CHAPTER 7  FUTURE CONSIDERATIONS FOR FLOTATION 
CIRCUIT MODELLING 
 
 
“Education is the most powerful weapon which you can use to change the world.” 
- Nelson Rolihlahla Mandela 
Former South African President and anti-apartheid revolutionary (1918 - 2013) 
7.1. Introduction 
The nature of composite surfaces is a complex phenomenon where theoretical predictions 
do not always match experimental results (Xia, et al., 2015; Ramrus & Berg, 2006; 
Gautam & Jameson, 2012; Feng & Nguyen, 2016; Fosu, et al., 2015b).  This is also true 
for the flotation of composite particles and because it is presently not possible to in a 
practical manner physically separate mineral particles in a bulk sample into specific 
composition or texture classes for characterisation such as contact angle or bubble 
detachment force measurements their flotation characteristics are frequently modelled by 
considering the mineral composition of the exposed surfaces along with the flotation 
characteristics of the mineral components making up the particle surfaces (see for 
example Ralston, et al. (2007); Evans (2010) and Ford, et al. (2011)).  There is however a 
growing body of fundamental knowledge that provide evidence that surface irregularities 
such as grain boundaries of hydrophobic grains within composite particle may affect 
particle-bubble attachment forces, similar to the way in which sharp edges of 
homogeneous surfaces increases the detachment force for an air bubble from the surface 
(Feng & Nguyen, 2016; Gautam & Jameson, 2012).   
The outcome of the analysis of the flotation behaviour of composite particles with different 
perimeter textural features in Chapter 6 produced new evidence showing that more 
complex textures recover to a greater extent on an industrial scale and supports the 
observations made by fundamental experiments.  For the ores tested in this thesis, the 
outcomes were true for low-grade composite particles, and recovery differences were 
shown to be statistically significant within one standard deviation.  In addition, the analysis 
232 
 
in Chapter 6 further showed that these recovery enhancements are due to the combined 
effect of both and increase in the overall rougher flotation rate constant as well as the 
proportion of recoverable material, chalcopyrite in this case.  Property-based models that 
accommodate composite particles through a surface composition approach, as was done 
by for example Ralston, et al. (2007); Evans (2010) and Ford, et al. (2011), therefore need 
to be modified to accommodate the fact that the flotation behaviour of particles with more 
complex grain textures can potentially be underestimated. 
Simulations involving liberation or particle composition classes (Gorain, 1997; Savassi & 
Dobby, 2005; Ralston, et al., 2007; Danoucaras, et al., 2013) are not uncommon in froth 
flotation and have demonstrated their usefulness.  The limitation in circuit simulations is 
therefore not the application of particle composition classes but the fact that existing 
practices place a limitation on key aspects important in flotation circuits.  One such a 
limitation is the ability to provide a possible link between rougher-scavenger flotation and 
the need to regrind these concentrates.  The predicted concentrate grade is only one 
possible indicator of the need to regrind a stream to improve liberation.  The degree to 
which regrinding is required is however also influenced by the texture of the target 
minerals in that finer grains – for the same grade – require a greater degree of regrinding 
to produce adequate liberation.  Another factor that is important in regrinding is the 
intergrowth texture complexity of mineral grains where complex intergrowths will most 
likely require more regrinding (Perez-Barnuevo, et al., 2013). 
A second limitation that is becoming of greater importance to industry is the need to 
incorporate different modes of separation (i.e. gravity, flotation, magnetic separation, 
leaching) within single flowsheet simulations when evaluating novel or more flexible 
processing options for future ore bodies.  Beneficiation processes exploit specific particle 
attributes and in the case of flotation, this is surface hydrophobicity.  For magnetic 
separation or gravity separation this is different where the magnetic susceptibility of a 
component in the particle is exploited, or the specific gravity of a particle, respectively.  All 
of these attributes are present as a mass distribution in the feed but existing property-
based simulation approaches place particles into discrete property bins or classes by 
targeting their characteristics for a single beneficiation process.  Because this considers 
only a single particle attribute it places a limit on the ability to incorporate multiple 
beneficiation processes in a single flowsheet.  For example: in treating a chalcopyrite-
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magnetite ore, assigning floatability components to particles to beneficiate chalcopyrite will 
be appropriate for the copper flotation section of the flowsheet, but, when processing the 
flotation tails to recover magnetite a new distribution of the material is required that places 
magnetite-bearing particles into classes based on their magnetic susceptibility.  This 
should be possible if particle compositional information is present for the flotation tails in 
this example, from which new particle characteristics such as magnetic susceptibility may 
be estimated. 
In the sections that follow consideration was firstly given to a possible way by which 
perimeter texture may be empirically incorporated when determining the overall flotation 
response or kinetic parameters of composite particle for modelling purposes.  Secondly, 
the possibility of a modified approach to how data is being maintained during flotation 
simulations, that has the potential to predict the continuum of particle compositions within 
rougher-scavenger flotation streams, is discussed. 
7.2. Considerations for incorporating perimeter texture effects 
The Cumulative Weighted Perimeter Texture (NDC) indicator applied in Chapter 6 took into 
account the relative size of each grain exposed at the perimeter, the total perimeter length 
occupied by the mineral of interest as well as the perimeter length of the minerals in-
between the target mineral grains.  A lower value of NDC, therefore, indicated that the 
exposed grains were spread over a greater perimeter length due to a greater number of 
grains that made up the exposed perimeter length of the target mineral (see Figure 60 for 
reference).  To investigate the possibility of developing an empirical model for this based 
on the results produced in Chapter 6 the increase in flotation performance was modelled 
as being the result of two phenomena namely: 
1. Multiple, smaller exposed grains resulted in greater hydrophobic grain perimeter 
lengths of the hydrophobic mineral compared to a single exposed grain, all within the 
same perimeter composition class, 
2. An increase in the perimeter composition of the hydrophobic mineral that increases the 
perimeter length of the grains. 
To explain the above statements in the context of developing an empirical model let’s 
consider the three artificial particle sections in Figure 94. 
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Figure 94  Artificial particle sections showing different perimeter texture effects. 
 
The first (A) comprises three exposed grains and the total perimeter fraction occupied is 
‘X’.  The second particle section (B) represents a particle with a single exposed grain also 
with exposed perimeter composition fraction ‘X’.  The third particle section (C) represents a 
particle with a single exposed grain where the perimeter composition fraction is ‘Y’, with ‘Y’ 
greater than ‘X’.  Based on the assessments done in Chapter 6, if particle section B 
produced a recovery ‘R’ then particle A produced a recovery ‘R + ’ where  represents 
the statistically significant recovery difference between the two particle texture classes 
within a given perimeter composition class. 
What is being proposed from a modelling perspective is that the higher grain perimeter 
lengths for particle A, due to more exposed grains compared to particle B for the same 
total perimeter composition is equivalent to having a greater grain perimeter length equal 
to that of particle C comprising a single exposed grain.  The result is similar recoveries of 
‘R + ’ for particles A and C. 
Because NDC is an indicator for this textural feature it can potentially be used to modify the 
total perimeter composition of particle sections when determining particle flotation 
behaviour based on a perimeter composition approach.  A simple empirical approach to 
this may be to scale the total perimeter composition for a hydrophobic mineral, in a 
complex texture class, using the weighted perimeter texture complexity value, N, 
according to: 
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𝑒𝑓𝑓 =
𝑚𝑒𝑎𝑠
(𝑁)𝑎
 (113) 
N was calculated using equation (115).  In equation (113) 𝑒𝑓𝑓 represents the effective 
perimeter composition for a hydrophobic mineral and 𝑚𝑒𝑎𝑠 the overall perimeter 
composition as determined using a particle section image.  𝑎  is a fitted constant.  A 
greater degree of perimeter texture complexity (lower value of NDC) will therefore increase 
the effective perimeter composition. 
This approach of estimating an effective perimeter composition for particles with complex 
copper mineral perimeter textures was applied in this thesis in two ways.  In the first 
instance, it was used to determine if the overall rougher and rougher + scavenger 
recoveries for the two Case Study ores could be represented more accurately if the 
effective perimeter composition was used instead.  In these specific cases, the overall 
rougher and rougher + scavenger recoveries for the simple texture classes were used to 
determine the relationship between perimeter composition and recovery and this was the 
applied along with the effective perimeter composition for the copper minerals in complex 
texture classes to determine their recoveries. 
Secondly, the same form of the empirical model for the effective perimeter composition in 
equation (113) was used to determine if the increases in the flotation kinetic parameters 
(overall rougher flotation rate constant and proportion of recoverable chalcopyrite) could 
be represented more accurately.  Again the initial relationships between the kinetic 
parameters and the overall chalcopyrite perimeter composition were developed for the 
simple texture classes. 
7.2.1. Overall rougher and rougher + scavenger copper mineral recoveries 
We first consider the overall rougher recovery of the combined bornite + 
chalcocite (Bn+Cc) component from the IOCG feed ore and these values for the simple 
texture classes for the three size classes (+150 m, +75 m and +38 m) are plotted as a 
function of the weighted perimeter composition (), in Figure 95.  The weighted perimeter 
composition was calculated as follow in each case: 
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 =
∑𝐵𝑛+𝐶𝑐 
∑𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 
∗ 100 (114) 
In equation (114), ∑𝑏𝑛+𝑐𝑐  represent the total perimeter units of bornite + chalcocite for all 
particle sections within a given perimeter composition class and ∑𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 represent the 
total particle section perimeter units within the same perimeter composition class.  The 
error bars represent one standard deviation from the mean. 
 
 
Figure 95  Relationship between weighted perimeter composition (Bn+Cc) and 
overall rougher recovery for simple texture classes in the IOCG flotation feed. 
 
The dashed line in each size class represent a trend line that was fitted to each set of data 
and in all cases was of the form Y = m*Ln(X) + c where: Y represented the overall rougher 
recovery values, X the weighted perimeter composition values and m and c the slope and 
intercepts respectively for plots of Y versus Ln(X).  It was also required to determine the 
weighted perimeter texture complexity value (N) for each complex perimeter texture-
composition class and for the IOCG ore this was determined as: 
Size class 
(m) 
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N =
∑𝑁𝐷𝐶 ∙ 𝐵𝑛+𝐶𝑐 
∑𝐵𝑛+𝐶𝑐 
 (115) 
The values of N for each perimeter texture class in the IOCG ore along with the m and c 
values for the trend lines in Figure 95 are summarised in Table 30. 
 
Table 30  Parameters used to determine empirical relationship between weighted 
perimeter composition and overall rougher recovery for IOCG ore. 
Size class Parameter Value 
+150 m 
m 11.947 
c 7.663 
N (0-20%) 0.644 
N (20-40%) 0.722 
+75 m 
m 14.851 
c 32.462 
N (0-20%) 0.661 
N (20-40%) 0.729 
+38 m 
m 8.839 
c 60.842 
N (0-20%) 0.684 
N (20-40%) 0.723 
  
 
For all three size classes, the same value of the fitted parameter 𝑎 was used for a given 
perimeter composition classes.  Using the solver function in Microsoft Excel the best value 
of 𝑎 was determined for each of the perimeter composition classes and the values are 
given in Table 31. 
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Table 31  Best value of parameter 𝒂 in equation (113) for the IOCG ore. 
Perimeter 
composition 
class 
Value of 𝒂 
0-20% 1.6545 
20-40% 0.0000 
  
 
The relative error for each case is also presented in Figure 96.  The relative error (R) was 
determined as: 
𝑅 =
|𝑅𝑚𝑒𝑎𝑠 − 𝑅𝑐𝑎𝑙𝑐|
𝑅𝑚𝑒𝑎𝑠
∗ 100 (116) 
In equation (116) 𝑅𝑚𝑒𝑎𝑠represents the measured rougher recovery from the mass balance 
and 𝑅𝑐𝑎𝑙𝑐 the calculated recovery using the correlations between the weighted perimeter 
composition and overall rougher recovery (see Figure 95 and Table 30).  𝑅𝑐𝑎𝑙𝑐 was 
determined for the case where the effective perimeter composition for the complex texture 
classes was adjusted (using equation (113)) and for the case without any adjustments and 
the corresponding R values were determined.  The results are summarised in Figure 96 
and for reference, the details of the recovery data points are given in Table 32. 
 
Table 32  Details of the overall rougher recovery data points for the IOCG ore. 
Data point Details 
1 +150 m  0-20% perimeter composition class 
2 +150 m  20-40% perimeter composition class 
3 +75 m  0-20% perimeter composition class 
4 +75 m  20-40% perimeter composition class 
5 +38 m  0-20% perimeter composition class 
6 +38 m  20-40% perimeter composition class 
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Figure 96  Errors in the prediction of the overall rougher recovery of Bn+Cc for the 
IOCG ore, with and without making adjustments for particle texture complexity. 
 
Figure 96 indicates that when the textural complexity of particle classes was incorporated 
the relative error decreased meaning that a more accurate estimate of the overall rougher 
recovery for the Bn+Ccc component resulted.  The three data points (2, 4, 6) showing the 
same relative errors are the 20-40% perimeter composition class for each size class where 
it was established in Chapter 6 that no meaningful recovery differences could be 
determined.  For these data points no adjustments to the effective perimeter compositions 
were made for the complex texture classes and the errors, therefore, represent the 
accuracy by which the trend lines in Figure 95 predict the various recoveries.  This 
outcome for the IOCG ore demonstrates that an improved overall rougher recovery 
prediction was achieved for the complex texture class when perimeter texture complexity 
was incorporated.   
The same form of analysis was also applied to the overall rougher and rougher + 
scavenger recoveries for chalcopyrite (Cpy) in the +150 m, +106 m and +75 m size 
classes in the copper porphyry ore.  The relationships between overall recoveries and the 
weighted chalcopyrite perimeter composition are shown in Figure 97. 
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Figure 97  Relationship between weighted perimeter composition (Cpy) and overall 
rougher and rougher + scavenger recovery for simple texture classes in the copper 
porphyry flotation feed. 
+75 m 
+106 m 
+150 m 
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The dashed lines in Figure 97 represent the calculated recoveries of the different size 
classes as a function of the weighted perimeter composition and the relationships used are 
summarised in Table 33, along with the associated weighted perimeter texture complexity 
values (N). 
Table 33  Relationships and parameters used to determine empirical relationship 
between weighted perimeter composition (X) and overall rougher and rougher + 
scavenger recovery (Y) for the copper porphyry ore. 
Size class Recovery Relationship Parameter Value 
+150 m 
Rougher 
Y = m.Xa + C 
m 0.1324 
c 7.4546 
N 0.708 
a 1.580 
Rougher + 
scavenger 
m 0.5975 
c 10.8578 
N 0.690 
a 1.229 
+106 m 
Rougher 
(Ln(Y))b = 
m.X-a + C 
m -0.3714 
c 1.4849 
a 0.600 
b 0.250 
N 0.685 
Rougher + 
scavenger 
m -0.5651 
c 1.4650 
a 1.200 
b 0.250 
N 0.767 
+75 m 
Rougher 
Y = m.X-a + C 
m -245.412 
c 300.010 
N 0.715 
a 0.039 
Rougher + 
scavenger 
m -130.290 
c 99.724 
N 0.774 
a 1.706 
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In the same manner as what was done for the IOCG ore was the effective perimeter 
composition (𝑒𝑓𝑓) for chalcopyrite in the different composition classes calculated using 
equation (113).  Referring back to Chapter 6, textural complexity was observed only for the 
0-20% and 20-40% perimeter composition classes and an assessment of its role in the 
prediction of overall recovery values was therefore evaluated for these two classes.  A 
single 𝑎 parameter from equation (113) were determined for all three size classes within a 
given perimeter composition class and using the relationships and parameter values given 
in Table 33 the relative error in estimating the recovery of chalcopyrite in each case was 
calculated, with and without making the adjustments to the perimeter composition within a 
composition class.  A summary of the errors are given in Figure 98 and the values of the 𝑎 
parameters are given in Table 34.  For reference the details of the recovery data points are 
given in Table 35. 
 
 
Figure 98  Errors in the prediction of the overall rougher and rougher + scavenger 
recovery of Cpy for the copper porphyry ore, with and without making adjustments 
for particle texture complexity. 
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Table 34  Best values of parameter 𝒂 in equation (113) for the copper porphyry ore 
to estimate overall recovery. 
Perimeter 
composition 
class 
Value of 𝒂 
0-20% 0.6669 
20-40% 0.8517 
  
 
Table 35  Details of the overall rougher and rougher + scavenger recovery data 
points for the copper porphyry ore. 
Data point Details 
1 
+150 m  0-20% perimeter composition class 
 rougher recovery 
2 
+150 m  0-20% perimeter composition class 
 rougher + scavenger recovery 
3 
+150 m  20-40% perimeter composition class 
 rougher recovery 
4 
+150 m  20-40% perimeter composition class 
 rougher + scavenger recovery 
5 
+106 m  0-20% perimeter composition class 
 rougher recovery 
6 
+106 m  0-20% perimeter composition class 
 rougher + scavenger recovery 
7 
+106 m  20-40% perimeter composition class 
 rougher recovery 
8 
+106 m  20-40% perimeter composition class 
 rougher + scavenger recovery 
9 
+75 m  0-20% perimeter composition class 
 rougher recovery 
10 
+75 m  0-20% perimeter composition class 
 rougher + scavenger recovery 
11 
+75 m  20-40% perimeter composition class 
 rougher recovery 
12 
+75 m  20-40% perimeter composition class 
 rougher + scavenger recovery 
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A comparison of the relative errors in Figure 98 shows that a better estimate of the 
recovery of complex texture classes was achieved by incorporating the impact of this 
characteristic through equation (113).  This was achieved by having a single 𝑎 parameter 
for all three size classes within a perimeter composition class implying that the effect of 
texture complexity was relatively constant within a given perimeter composition classes.  
This supports the outcomes of the IOCG ore discussed previously. 
This relatively simple yet useful way of accounting for texture complexity given an ore’s 
feed particle characteristics and some form of relationship between the recovery and 
perimeter composition means that the recovery of particles with complex perimeter 
textures can now be determined with greater accuracy as was demonstrated for the two 
industrial Case Study ores.  This has important implications particularly in the field of 
geometallurgy where the flotation recovery of these particles will be underestimated using 
current approaches.  The overall effect of texture complexity was different for the two ores, 
as is evidenced by the values of the 𝑎 parameters in Table 31 and Table 34, but are in the 
same order of magnitude which is encouraging.  Reasons for this being different are 
beyond the scope of this thesis but can potentially be related to the ore mineral whereby 
the IOCG ore contained high proportions of iron oxides with an SG substantially higher 
than that of the non-sulfide gangue in the copper porphyry ore.  The effect of these density 
differences on the froth phase will affect the overall flotation performance.  In addition, 
differences in the operational practices at each operation will also have contributed.  
Nevertheless, by accounting for the effect of texture complexity it was shown consistently 
between the two ore types that a more accurate prediction of the recovery of copper 
sulfides in complex texture classes could be achieved. 
Overall differences in the recovery profile for the different texture classes in the copper 
porphyry feed meant that differences were present in the flotation kinetic parameters as 
was discussed in Chapter 6.  For modelling and simulation, it would then be very useful if a 
similar approach can be used, as was done above, to estimate the kinetic parameters for 
the different texture classes.  This was done next. 
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7.2.2. Overall rougher flotation kinetic parameters for chalcopyrite in copper porphyry ore 
The relationship between the overall rougher flotation rate constant (ki,j) and weighted 
chalcopyrite perimeter composition for the simple texture classes is given in Figure 99 for 
the three size classes in the copper porphyry ore.  Although the data appear to follow a 
linear relationship it was noted that an s-shape function fitted the data better.  The function 
used had the following form: 
k𝑖,𝑗 =
𝑘𝑖,𝑚𝑎𝑥
1 + 𝑒−𝐴∙(𝐿𝑗
2−𝐵)
 (117) 
In equation (117) ki,j represents the overall rougher flotation constant for size class i and 
perimeter composition class j, ki,max represents the maximum flotation rate constant for 
size class i (i.e. that of the liberated component), Lj is the weighted perimeter composition 
and A and B are fitted parameters for each size class and these are given in Table 36. 
 
Table 36  Fitted parameters in equation (117) for the copper porphyry ore. 
Size class A B 
+150 m 6.54E-4 1766 
+106 m 7.20E-4 1544 
+75 m 6.59E-4 740 
  
 
In a similar fashion to what was done previously for the overall recovery values the 
effective perimeter composition for the complex perimeter classes was calculated using 
equation (113) and this new value was substituted into equation (117) for each size class.  
The best values of 𝑎 for each case are given in Table 37 and the relative error in the 
calculation of the various overall rougher flotation rate constants was again compared with 
and without these adjustment and are shown in Figure 100.  Details of the various data 
points are given in Table 38. 
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Figure 99  Relationship between weighted perimeter composition (Cpy) and overall 
rougher flotation rate constant for simple texture classes in the copper porphyry 
flotation feed. 
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Table 37  Best values of parameter 𝒂 in equation (113) for the copper porphyry ore 
to estimate overall rougher flotation rate constant. 
Perimeter 
composition 
class 
Value of 𝒂 
0-20% 3.537 
20-40% 1.067 
  
 
 
Figure 100  Errors in the prediction of the overall Cpy rougher flotation rate 
constant for the IOCG ore, with and without making adjustments for particle texture 
complexity. 
 
As was the case for the overall recovery values a closer estimate of the measured overall 
rougher flotation rate constants for the complex texture classes resulted when the 
perimeter texture complexity was accounted for.  The proportion of recoverable 
chalcopyrite also differed for the different texture classes (refer back to Figure 93) and 
these differences could also be estimated using the same method.  The equations used to 
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predict the proportion of recoverable chalcopyrite for the simple texture classes are given 
in Table 39 and the relative errors are given Figure 101. 
 
Table 38  Details of the overall rougher flotation rate data points for the copper 
porphyry ore. 
Data point Details 
1 +150 m  0-20% perimeter composition class 
2 +150 m  20-40% perimeter composition class 
1 +106 m  0-20% perimeter composition class 
2 +106 m  20-40% perimeter composition class 
1 +75 m  0-20% perimeter composition class 
2 +75 m  20-40% perimeter composition class 
  
 
Table 39  Relationships and parameters used to determine empirical relationship 
between weighted perimeter composition (X) and proportions of recoverable 
chalcopyrite (Y) for the copper porphyry ore. 
Size class Recovery Relationship Parameter Value 
+150 m 
Rougher 
Rougher + 
scavenger 
Y = m.X + c 
For X <= 
56% 
m 0.0156 
c 0.0673 
N (0-20%) 0.708 
N (20-40%) 0.690 
+106 m Rougher Y = m.X
-1 + c 
m -3.044 
c 1.001 
N (0-20%) 0.685 
N (20-40%) 0.767 
+75 m Rougher Y = m.X
-1 + c 
m -0.305 
c 1.003 
N (0-20%) 0.715 
N (20-40%) 0.774 
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Table 40  Best values of parameter 𝒂 in equation (113) for the copper porphyry ore 
to estimate fraction of recoverable Cpy. 
Perimeter 
composition 
class 
Value of 𝒂 
0-20% 0.432 
20-40% 1.100 
  
 
 
Figure 101  Errors in the prediction of the recoverable Cpy fractions for the IOCG 
ore, with and without making adjustments for particle texture complexity. 
 
7.2.3. Summary of findings 
In this section, it was demonstrated that the improved metallurgical performance observed 
for particles with complex exposed hydrophobic copper mineral grains (multiple grains 
spread on the particle surface) could be estimated more accurately through empirical 
relationships that take the degree of texture complexity into account.  This was 
demonstrated for the overall rougher and rougher + scavenger recovery values as well as 
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for the overall rougher flotation rate constant, and the proportions of the recoverable 
copper mineral present.  The empirical approach used applied the measured relationship 
between the weighted copper mineral perimeter composition of particle sections and the 
metallurgical performance indicator of interest for the mineral within simple texture classes 
and the weighted perimeter composition for the complex texture classes was adjusted 
through an empirical equation. 
The two Case Study ores used in this thesis produced particles with complex exposed 
copper mineral grain textures only in the low-grade perimeter composition classes, below 
40% perimeter composition of the copper minerals.  Their improved metallurgical 
performance compared to particles of the same perimeter composition but simple in 
texture potentially has important implications for the recovery of coarse particles.  If this 
phenomenon is consistent also within high-grade particle perimeter composition classes, 
then it is possible that the upper limit of coarse particle flotation could be extended.  A 
more complex exposed mineral grain texture improved the overall metallurgical 
performance by increasing the overall rougher rate of flotation as well as the proportions of 
recoverable copper minerals in some cases.  This indicates that the complex grain 
arrangements most likely improved the spreading of the three phase contact like which 
improved the kinetics of flotation (Kowalczuk & Zawala, 2016; Jameson, 2012) but a 
higher proportion of recoverable chalcopyrite also indicate that the attachment tenacity 
was likely greater.  Poor coarse particle recovery is known to be as a result of their 
preferred detachment from bubbles due to the fact that the hydrodynamic shear forces 
acting upon the aggregate are greater than the attachment forces.  A stronger particle-
bubble aggregate for particles with complex exposed mineral grain textures, therefore, can 
potentially lead to improved coarse particle recovery as they are more likely to withstand 
the turbulent shear forces.  An investigation into this aspect of coarse particle flotation was 
however beyond the scope of this thesis but is clearly an avenue for future research. 
7.3. Considerations for incorporating particle attributes into flotation simulations 
Many techniques exist for estimating the floatability or flotation rate constant of 
components in a flotation system and they may be empirical or based on first principles as 
discussed in Chapter 2.  Property-based modelling and simulation of industrial circuits are 
done primarily by applying component classes where particles within a class have similar 
flotation responses and during modelling and simulations, only the average properties of 
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these classes (size, mineral composition, flotation rate constant or floatability) are applied.  
In developing a new approach that would enable the distributions of particle properties to 
be predicted throughout a flotation circuit two aspects were addressed in this section.  The 
first was the way in which particle properties are applied for simulation purposes.  
Most approaches (Ralston, et al., 2007; Savassi & Dobby, 2005; Vianna, 2004; 
Danoucaras, et al., 2013) apply a two-component (one floating and one non-floating) 
approach as it provides a means of simplifying the likely number of particle composition 
classes to be used.  However, many ores today have more than one floating component, 
such as the two Case Study ores applied in this thesis where copper minerals and pyrite 
recovered through flotation, and the number of likely particle composition classes to 
consider grow rapidly when additional components are included (see Table 2).  To predict 
the distribution of particle properties during simulation it is therefore required to move away 
from applying average properties within composition classes and to find a means of 
maintaining individual particle properties instead.  This brought about the second aspect 
namely of identifying a practical way to manage and maintain a distribution of particle 
properties within a size class.  In this thesis the feed particle properties came from MLA 
measurements for which it is not uncommon to have large numbers of particles 
representing the different size classes and data management during circuit simulations 
may be challenging. 
In the sections that follow the approach taken is discussed in detail.  The data obtained 
from the copper porphyry ore rougher-scavenger circuit is applied to demonstrate the 
application of this particle-based flotation simulation approach and the implications this has 
for future circuit modelling and simulation techniques.  The implications of now being able 
to predict the distribution of particle properties within flotation streams are also discussed. 
7.3.1. The concept 
Froth flotation is a surface phenomenon and during the particle-bubble capture process, a 
key driver of the separation process is the propensity of the particle surface to repel water 
and attach to the bubble surface.  Although this characteristic is to a large extent affected 
by the composition of the particle surface, during the particle-bubble capture process what 
matters is the overall surface hydrophobicity irrespective of what minerals constitute the 
particle surface i.e. different minerals may behave in a very similar manner, as was the 
case for bornite and chalcocite in the IOCG ore and chalcopyrite and molybdenite in the 
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copper porphyry ore.  The flotation process is, therefore, selective based on the overall 
particle surface hydrophobic characteristic, although this is influenced by composition.  
The implication of this is that, for the purpose of developing a new approach to managing 
particle properties during flotation circuit simulations, particle perimeter composition is not 
the primary factor for classifying particles into archetypes but instead should be done 
based on their expected flotation response.  This change in approach simplifies the 
particle classification process from a multi-dimensional problem where many possible 
perimeter composition archetypes may be required, to a one-dimensional problem with 
only the calculated particle flotation attribute as the criteria.  In addition, the average 
properties for different archetypes can then be determined based on the cumulative 
characteristics of the particles allocated to each.  In this way, a narrow distribution of 
flotation attributes within an archetype is achieved which is desirable for simulation 
purposes, and the average properties of each archetype, such as mineral composition and 
density, remain valid for mass balance purposes.  One is then still faced with the challenge 
of managing a large set of particle properties if this information is to be maintained for 
every size class.  A practical solution is therefore needed to reduce the size of the particle 
sets which simultaneously does not dilute the critical information required throughout the 
circuit. 
Einstein once said: “You cannot solve a problem with the thinking that created the 
problem”.  The challenge of dealing with large populations of particles is caused by the 
belief that it is required to retain information for all particles within a population since each 
is unique and affects the separation process differently.  This is not strictly true and a 
potential solution applied here was to retain sufficiently detailed information for only the 
particles containing floatable minerals, gangue or valuables, in the case of flotation.  
Table 41 shows non-sulfide particle liberation information for the five copper porphyry 
flotation feed size classes. 
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Table 41  Gangue particle liberation information for the copper porphyry feed size 
classes. 
Size class 
(m) 
# of 
particles 
# of liberated 
Non-floating 
gangue 
particles 
% of total 
particles 
-300+150 16443 14502 88 
-150+106 24049 22573 94 
-106+75 29950 28589 95 
-75+20 32655 31445 96 
-20 14154 13573 96 
  
 
What is observed is that between 88% and 96% of the particles, in this case, contained no 
floatable minerals.  It is thus possible to simulate the fully liberated, non-floating gangue 
component as a single archetype instead to reduce the size of the particle data set. 
If only flotation is to be considered then this classification of non-floating gangue particles 
may be adequate.  If we, however, include the recovery of magnetite through magnetic 
separation this classification places all magnetite not associated with particles containing 
floatable minerals into this single archetype and detailed particle information required for 
estimating the magnetic susceptibility distribution of magnetite is therefore lost.  It is with 
this particular aspect in mind that hypothesis 5 was put forward that states, “All fully 
liberated, non-recoverable mineral-bearing particles can be treated as a single archetype 
that will enable attributes for remaining particles to be assigned and tracked individually 
throughout a circuit..” 
The typical approach in which archetypes during simulations comprise particle 
compositional classes with average compositional information only is extended in this 
work, as depicted in Table 42 below.  This new approach will be tested using the same 
particle information collected for the copper porphyry ore feed samples from Chapter 6. 
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Table 42  Extension of particle archetypes for particle-based simulations. 
 
 
7.3.2. Estimating particle kinetic parameters 
To implement this newly proposed particle-based flotation circuit simulation approach it 
was first necessary to calculate the expected flotation characteristics of the individual 
particles within each of the five size classes.  A commonly applied approach is to estimate 
these characteristics for composite particle by considering the composition of the individual 
particle surfaces, see for example Ralston, et al. (2007); Evans (2010) and Ford, et al. 
(2011).  It has already been established in Chapter 6 that this approach does not hold if 
the exposed grain textures of the hydrophobic minerals are complex and in section 7.2 an 
empirical equation was developed by which this effect can be accounted for given that the 
flotation behaviour of the particles within simple textures is known.  But even in the 
absence of complex perimeter texture classes, the particle surface composition approach 
assumes that a linear decrease in the flotation response results as the surface 
composition decreases, that is, at a 50% particle surface composition for a hydrophobic 
component (in a binary particle) the expected particle flotation response is half of that of 
the fully liberated component.  Figure 102 shows the measured and calculated (surface 
composition model) overall rougher flotation rate constants for chalcopyrite and pyrite in 
the +150 m size class as a function of the weighted perimeter composition of each. 
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Already this data demonstrates that the linear trend predicted by the particle surface 
composition model is not valid.  The solid and dashed lines show the calculated composite 
particle rate constants for chalcopyrite and pyrite respectively using this model and it is 
observed that in both cases the overall flotation rate constants for low-grade composite 
particles are underestimated.  Ralston, et al. (2007) and Evans (2010) for example 
however presented outcomes using this technique that showed close predictions with 
measured plant and laboratory flotation responses, respectively and in this section the 
particle surface composition model will be tested to determine if it is applicable for 
estimating the overall rougher flotation performance for chalcopyrite and pyrite as a means 
of verifying the application of the particle-based flotation simulation approach.  Additional 
information about the input data and model structure applied is given in section 7.3.3 and 
section 7.3.4 for reference. 
 
 
Figure 102  Overall rougher flotation rate constant for chalcopyrite and pyrite in 
the +150 m size class for the copper porphyry ore and those predicted using 
equation (30). 
 
From the output files of the image processing step in Chapter 4 (see Table 11) the overall 
rougher flotation rate constant of each particle within a size class was calculated using 
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equation (30) by applying the proportions of each mineral present at the particle section 
perimeter as well as the measured overall rougher flotation rate constant for the liberated 
component of each mineral, which was taken as the 80-100% perimeter composition for 
chalcopyrite and pyrite.  The liberated non-sulfide gangue component, in this case, was 
assumed to have been recovered through entrainment only and therefore its overall 
rougher flotation rate constant was zero.  The calculated particle flotation rate constants 
along with the information produced in Chapter 4 (particle ID, mass and perimeter 
composition, density, texture complexity index (NDC)), per size class was then stored in a 
data file to be accessed by the particle-based simulator.  An excel VBA macro processed 
the feed information from the particle data files and assigned particle sections to flotation 
rate archetypes.  Compared to existing approaches whereby individual particle section 
information is discarded at this stage, a particle register was created for each archetype to 
store the information for each particle section.  There was a constraint placed on the 
particle sections allocated to the first archetype for each size class in that they only 
contained particle sections comprising 100% by mass of non-recoverable minerals.  A 
particle with no perimeter exposure of a floating mineral for example but which contains a 
locked grain will not be placed in the first archetype but instead will be allocated to an 
archetype with a zero flotation rate constant and its information will be retained. 
In Table 43 a typical particle register for different particle archetypes is shown for a size 
class.  Chalcopyrite and pyrite represented floatable components with the rest classified as 
non-sulfide gangue and non-floatable.  The first archetype (Particle ID ‘0’) was the single 
particle capturing all the liberated, non-recoverable minerals (Mineral 1, or NSG) and had 
a zero flotation rate constant.  The second archetype contained particle sections that 
consisted predominantly of NSG with small proportions of chalcopyrite and pyrite (Mineral 
2 and Mineral 3 respectively) and this was reflected in the low rate constant values.  The 
third class contained particle sections that consisted predominantly of pyrite with small 
proportions of NSG and chalcopyrite whereas the last archetype contained particle 
sections consisting predominantly of chalcopyrite. 
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Table 43  Typical particle register for a size class of the feed. 
 
 
The outputs of the particle-based simulations were compared to the mass balanced 
stream data and this is presented next.  Figure 103 shows the overall stream solids flow 
rates and percent solids (left), and the overall stream chalcopyrite and pyrite assay values 
(right).  The circled data point in the figure on the left-hand side is the scavenger 
concentrate mass flow and shows that this data point was over predicted (4.3 tph balanced 
versus 16.1 tph predicted).  Scatter is also observed in the mineral head grades from the 
figure on the right-hand side. 
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Figure 103  Mass balanced versus predicted stream mass flows and percent solids 
(left) and chalcopyrite and pyrite weight% assays (right) from particle-based 
flotation simulation approach when using equation (30) to estimate particle rates. 
 
The predicted size-by-size chalcopyrite and pyrite assays are also compared to those 
obtained from the mass balance, along with their recoveries by size and the outcomes are 
shown in Figure 104.  Both chalcopyrite and pyrite showed scatter in the data and for 
pyrite, this was more severe.  The particle-based approach was in this case not able to 
accurately predict the mineral grades per size class.  Chalcopyrite recoveries by size 
showed a close agreement for the rougher section with only the fine size class 
overestimated.  Overall chalcopyrite recoveries by size, however, showed an 
overestimation at both the fine and coarse size classes.  Very poor predictions resulted for 
pyrite recoveries by size in both the rougher and rougher + scavenger sections. 
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Figure 104  Mass balanced versus predicted sized weight% assays (top) and sized 
chalcopyrite (middle) and pyrite (bottom) recoveries from particle-based flotation 
simulation approach when using equation (30) to estimate particle rates. 
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Comparisons of the predicted chalcopyrite liberation spectra (Figure 105) also show that 
chalcopyrite particle grades were underestimated in the scavenger concentrate stream. 
 
 
Figure 105  Mass balanced versus predicted chalcopyrite liberation spectrum for 
rougher and scavenger concentrate streams from the particle-based simulation 
approach when using equation (30) to estimate particle rates. 
 
The application of the particle surface composition model, therefore, does not provide an 
accurate prediction of the overall rougher + scavenger flotation behaviour of either 
chalcopyrite or pyrite in the case of the copper porphyry ore in this research.  Rougher 
chalcopyrite performance was predicted with some degree of accuracy and this is most 
likely due to the fact that chalcopyrite in the feed was highly liberated and the liberated 
material was recovered during this stage.  This is evident by the high rougher chalcopyrite 
grades (66% measured versus 52% predicted) but the mass recovery to the rougher 
concentrate was severely over predicted (18 tph from mass balance versus 28 tph 
predicted) so clearly there is scope for improvement in predicting the overall rougher 
flotation performance as well. 
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One possible remedy is to accurately capture the flotation response of composite particles 
as the composition changes, as is highlighted in Figure 102 for the coarse size fraction.  
Sutherland (1989) also demonstrated that in addition to the changes in the flotation rate 
constant for chalcopyrite-bearing particle from laboratory rougher flotation tests as the 
composition of chalcopyrite in particles changed, so did the proportions of recoverable 
chalcopyrite.  This meant that the ultimate or maximum recovery achievable changed as 
the composition of the particles changed and this needed to be captured to accurately 
predict the overall flotation response of chalcopyrite when derived from composition 
classes.  The implication is that different floatable components may therefore also have 
the same overall rougher flotation rate constants but different recovery profiles will result 
due to the fact that the proportions of recoverable components are different.  This is 
illustrated in Figure 106 where both components have a rougher flotation rate constant of 
0.25 min-1 but component 1 has 95% recoverable material and component 2 only 75%. 
 
 
Figure 106  Calculated rougher recovery profiles for two components with the 
same overall rougher flotation rate constants but different proportions of 
recoverable material. 
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The implication this has for particle-based simulations is that should, for example, the 
rougher flotation rate constant for a particular particle be calculated as 0.3 min-1, it is 
important to know the proportion of the particle mass to which this rate should be applied 
to.  In Chapter 6 it was noted that the proportions of recoverable chalcopyrite changed with 
perimeter composition as well and an empirical equation was derived in section 7.2.2 of 
this chapter to aid its estimation for complex texture classes.  As an example, the 
proportions of recoverable chalcopyrite and pyrite as a function of their weighted perimeter 
compositions, for the +150 m size class, is shown in Figure 107. 
 
 
Figure 107  Proportions of recoverable components for chalcopyrite and pyrite in 
the +150 m size class for the copper porphyry ore. 
 
To successfully undertake circuit simulations based on calculating the flotation attributes of 
particles from their perimeter composition information this aspect also needs to be 
captured accurately along with the overall rougher flotation rate constants.  The 
importance of this has been reported some 26 years ago by Sutherland (1989) yet is 
missing from existing attempts to undertake particle-based simulations. 
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A modification to the particle surface composition approach (Yoon, et al., 2016; Yoon, et 
al., 2012; Ralston, et al., 2007; Grano, 2006; Bushell, 2012; Ford, et al., 2011; Evans, 
2010) was therefore made in an attempt to improve the prediction of the rougher and 
scavenger flotation behaviour of chalcopyrite and pyrite for the copper porphyry ore.  
Instead, the measured relationships between the weighted perimeter composition and 
overall rougher flotation constants for chalcopyrite and pyrite were applied.  Equation (117) 
was used to describe these measured trends for chalcopyrite while for pyrite these were 
approximated through a straight line as Y = m.X = c, and Figure 108 shows the calculated 
(lines) versus measured (symbols) values for the +150 m size class as an example.  
These equations were applied to all size classes for both minerals and Figure 109 
demonstrates the quality of the fits to the measured values, along with the fitted 
parameters for the equations, in Table 44. 
 
 
Figure 108  Overall rougher flotation rate constant for chalcopyrite and pyrite in 
the +150 m size class for the copper porphyry ore and those predicted using 
equation (117). 
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Figure 109  Measured versus calculated (using equation (117)) overall rougher 
flotation rate constant for chalcopyrite and pyrite in the +150 m size class for the 
copper porphyry ore. 
Table 44  Fitted parameters for all size classes in the copper porphyry ore to 
predict overall rougher flotation rate constants for chalcopyrite and pyrite. 
Chalcopyrite 
 A B 
+150 m 6.54E-4 1766 
+106 m 7.20E-4 1544 
+75 m 6.59E-4 740 
+20 m 4.66E-4 1230 
-20 m 6.56E-4 571 
Pyrite 
 m c 
+150 m 2.59E-3 0.246 
+106 m 1.90E-3 0.276 
+75 m 7.30E-4 0.445 
+20 m -1.03E-3 0.361 
-20 m -2.54E-3 0.456 
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Next, the proportions of recoverable chalcopyrite, as was calculated using the mass 
balanced data, were considered and these are summarised in Figure 110 for the five size 
classes.  For the purpose of this thesis the recoverable fractions for all perimeter 
composition classes in the +75 m and +20 m size classes were assumed to be 1 and 
only expressions were sought for the remaining three size classes and the form of the 
expression and associated fitted parameters for the three size fractions are given in 
Table 45. 
 
 
Figure 110  Measured proportions of recoverable chalcopyrite for all size classes 
in the copper porphyry ore. 
 
A similar analysis was done for the recoverable pyrite proportions as a function of the 
weighted perimeter composition for each size class.  For calculation purposes, the fraction 
of non-recoverable pyrite (1-Y) was predicted (see Table 46) and from these, the 
recoverable proportion was calculated as 1 minus the non-recoverable proportion.  For 
both minerals, the quality of the predictions are shown in Figure 111 and indicate a 
reasonable fit to the measured data. 
 
Size class 
(m) 
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Table 45  Relationships and parameters used to determine empirical relationship 
between weighted perimeter composition (X) and proportions of recoverable 
chalcopyrite (Y) for the copper porphyry ore. 
Size class Relationship Parameter Value 
+150 m 
Log(1-Y) = 
m.Xa + c 
a 2.1 
m -3.52E-4 
c -0.05 
+106 m Y = m.X
a + c 
a -0.5 
m -1.45 
c 1.14 
-20 m Y
b = m.Xa + c 
a 2.0 
b 0.5 
c 0.075 
m 0.48 
  
 
 
Figure 111  Measured versus calculated proportions of recoverable chalcopyrite in 
all size class for the copper porphyry ore. 
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Table 46  Relationships and parameters used to determine empirical relationship 
between weighted perimeter composition (X) and proportions of recoverable pyrite 
(Y) for the copper porphyry ore. 
Size class Relationship Parameter Value 
+150 m  (1-Y) = m.|X-A|
a + c 
a 2.0 
A 58.2 
m 2.81E-4 
c 0.045 
+106 m  (1-Y) = m.|X-A|
a + c 
a 2.0 
A 50.0 
m 1.87E-4 
c 0.231 
+75 m  (1-Y) = m.|X-A|
a + c 
a 0.5 
A 52.6 
m 0.119 
c -0.165 
+20 m  (1-Y) = m.|X-A|
a + c 
a 2.0 
A 36.7 
m 1.02E-4 
c 0.253 
-20 m  (1-Y) = m.|X-A|
a + c 
a 0.5 
A 64.8 
m 0.117 
c -0.002 
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The equation parameters provided in Table 44 were subsequently used to determine the 
overall rougher flotation rate constants for chalcopyrite and pyrite, respectively, within 
individual particles.  That is, each particle was assigned two effective overall rougher 
flotation rate constants.  The particle overall rougher flotation rate constant was then 
calculated as the sum of these two values.  As an example consider the +150 m size 
class for which the overall rougher flotation constants for the liberated chalcopyrite and 
pyrite components were 0.549 min-1 and 0.494 min-1, respectively.  When equation (30) 
was applied to a particle with a 80:20 composition of chalcopyrite and pyrite the particle 
flotation rate constant was calculated as 0.538 min-1.  When the information in Table 44 
was used to determine the overall rougher flotation rate constants for chalcopyrite and 
pyrite, respectively, in the same particle the values were 0.524 min-1 and 0.264 min-1.  This 
led to the calculated particle rate constant of 0.788 min-1, which is a surprising 46% higher 
than the initial estimate.  This is however not unexpected since the low-grade pyrite 
particles exhibited substantial flotation rate constants as is shown in Figure 108.  By only 
applying the linear model this aspect was not captured correctly. 
In a similar manner were the proportions of recoverable chalcopyrite and pyrite calculated 
for each particle using the equations and parameters in Table 45 and Table 46.  The 
proportion of the particle mass recoverable was then the sum of these to values with an 
upper limit of 1, that is, if the sum of the two values were 1 or higher it was assigned a 
value of 1. 
Using the modified approach discussed above the overall rougher flotation rate constants 
for the particles in each of the five size classes in the feed sample were re-calculated and 
the particle-based simulation was re-run with the outcomes discussed in section 7.3.5.   
7.3.3. Other model parameters required 
To model the flotation of the rougher-scavenger section of the copper porphyry ore 
equation (110) was used.  It was therefore also required to determine the degree of 
gangue entrainment (ENTi) per size class as well as water recovery (Rw).  To determine 
the degree of liberated hydrophilic gangue entrainment the non-sulfide gangue component 
(NSG) of the feed was split to include a liberated quartz fraction.  This was included in the 
mass balance and Monte Carlo simulations to enable the recovery of the liberated quartz 
component to be calculated for each size class.  From the unsized mass balance 
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information, the recovery of water for the rougher and rougher + scavenger sections was 
also determined and applied to calculate the degree of entrainment for the different size 
classes using equation (111).  The results are shown in Figure 112.  The expected trend 
was observed whereby an increase in the degree of entrainment resulted for finer particle 
sizes.  The scavenger section produced higher mean degrees of entrainment for all size 
classes and was most likely due to operational factors such as very low froth depths in the 
scavenger cells to ensure sufficient mass recoveries were achieved.  Rougher and 
scavenger water recoveries were estimated at 1.36% and 1.05%, respectively. 
 
 
Figure 112  Degree of entrainment versus mean particle size as obtained from 
Monte Carlo bootstrap mass balance simulations of the copper porphyry ore data 
set. 
 
7.3.4. Implementing the particle-based flotation circuit simulations 
The particle-based simulation approach was tested using the copper porphyry ore 
rougher-scavenger circuit layout which comprised four rougher flotation cells in series with 
seven scavenger flotation cells.  The feed to the circuit was divided into the five size 
classes discussed previously and three minerals of interest namely non-sulfide gangue 
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(NSG), copper sulfides (chalcopyrite) and iron sulfides (pyrite) were considered.  The feed 
properties (from the mass balance) as was simulated are given in Table 47 along with the 
liberation distribution for chalcopyrite and pyrite, in Figure 113 and Figure 114. 
During simulation the residence time for each flotation cell was calculated as follow: 
𝜏 =
𝑉 ∙ (1 − 𝜀𝑔)
𝑄𝑡𝑎𝑖𝑙
∙ 60 (118) 
Where: 
V.(1-g) : effective cell volume (m
3) 
εg  : gas hold-up in pulp phase 
Qtail  : volumetric flow rate of tail stream (m
3/hr) 
Water recoveries from the rougher and scavenger sections were calculated by fixing the 
solids concentration in the concentrates to those values determined from the mass 
balance.  For the roughers this was approximately 40.7% solids by mass and 15.7% solids 
by mass for the scavenger concentrates.  The fractional water recovery was then 
determined as Rw = (Mw,c/Mw,f) with Mc,w and Mw,f the mass flow of water in the 
concentrates and feeds, respectively. 
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Table 47  Feed characteristics used for particle-based simulations. 
Characteristic Value  
Feed rate 684 tph  
% solids 27  
Head grade 
2.00% chalcopyrite 
1.02% pyrite 
 
Sizing and size assays 
+150 m 18.7% 
0.71% chalcopyrite 
0.44% pyrite 
+106 m 10.3% 
1.05% chalcopyrite 
0.84% pyrite 
+75 m 12.0% 
1.68% chalcopyrite 
1.31% pyrite 
+20 m 27.3% 
2.85% chalcopyrite 
1.53% pyrite 
-20 m 31.8% 
2.45% chalcopyrite 
0.88% pyrite 
  
 
 
 
 
272 
 
 
Figure 113  Liberation characteristics of Cpy in copper porphyry feed as 
determined from MLA particle sections. 
 
 
Figure 114  Liberation characteristics of Py in copper porphyry feed as determined 
from MLA particle sections. 
Size class 
(m) 
Size class 
(m) 
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Further user input data that was required for simulation included: 
 Circuit layout and equipment connectivity 
Note that an overall rougher flotation rate constant was applied and therefore the effect of 
froth depth, froth recovery and gas rate was not included explicitly since these were 
embodied within the measured overall rate constant values.  The purpose was to 
determine if this approach to particle-based simulations would be feasible and therefore 
the prediction of the effect of these operational variables was not part of the assessment. 
From the discussions in section 7.3.1, it was established that particles were placed into 
particle archetypes based on their individual overall rougher flotation rate constant values.  
In doing to the particle mass for each was also accumulated to its archetype along with the 
mass of the different components within a particle and this information was used to 
calculate the mineral composition of each archetype and a weighted overall rougher 
flotation rate constant.  The proportion of recoverable mass associated with each particle 
(see section 7.3.2) was used to determine the cumulative recoverable and non-
recoverable mass within each archetype. 
In the simulation process, the average overall rougher flotation rate constant for each 
archetype was used along with equation (110) to calculate the overall mass recovery for 
that archetype.  The mass flow of each particle to the concentrate was then determined by 
applying this calculated archetype recovery value to the proportion of recoverable mass.  
The remainder of the recoverable particle mass was then allocated to the tail stream along 
with the mass of the non-recoverable proportion which was not recovered due to 
entrainment.  This process enabled the mass flow of each particle (and hence the mineral 
components making up the particle) within an archetype to be determined for the different 
product streams as it was assumed that the mass split for a particle to the concentrate and 
tail was the same for all minerals within a particle and therefore particle composition 
remained constant throughout.  The accumulated particle masses along with their 
composition information was then used to determine concentrate and tail mass flows and 
mineral assays per size class.  The latter was then applied to calculate the overall modal 
mineralogy and mass flow within each stream.  Once simulation was complete the total 
particle register for all size classes and streams was extracted into data files for post-
simulation examination. 
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7.3.5. Outcomes of rougher-scavenger simulation using new kinetic parameters 
As was done previously, the predicted metallurgical performances with the new particle 
attributes were assessed for unsized stream assays and mass flows, size-by-size assays 
and component recoveries, and also the prediction of the chalcopyrite liberation spectrum 
(Wightman & Evans, 2014) for both the rougher and scavenger concentrate streams. 
The parity charts in Figure 115 show the mass balanced versus predicted stream mass 
flows and stream solids percentages and chalcopyrite and pyrite overall stream assays, 
respectively. 
 
  
Figure 115  Mass balanced versus predicted stream mass flows and percent solids 
(left) and chalcopyrite and pyrite weight% assays (right) from particle-based 
flotation simulation approach using updated kinetic parameters. 
 
When these predictions are compared to those from Figure 103 it is noted that an 
improvement in the overall stream mass balanced data was achieved.  The size-by-size 
chalcopyrite and pyrite recoveries for the rougher and rougher + scavenger sections are 
also shown in Figure 116 along with the predicted mineral grades by size and again a 
significant improvement in the accuracy of the particle-based simulation predictions is 
observed compared to the values presented in Figure 104. 
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Figure 116  Mass balanced versus predicted sized weight% assays (top) and sized 
chalcopyrite (middle) and pyrite (bottom) recoveries from particle-based flotation 
simulation approach using updated kinetic parameters. 
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The predicted recovery behaviour for pyrite produced a very similar size-by-size behaviour 
but the simulated values were marginally overestimated.  These results confirm that by 
applying the newly calculated overall rougher flotation rate constants and proportions of 
recoverable material on a particle-by-particle basis it is possible to predict the metallurgical 
performance of the rougher and rougher + scavenger section with good accuracy.  
Considering the fact that individual sulfide mineral-bearing particles were being tracked 
throughout the circuit it is encouraging to see that the approach managed to yield realistic 
predictions when compared to the mass balanced data.  On a size-by-size basis, pyrite 
recovery predictions were overestimated and closer inspection of the data and 
assumptions are needed to further narrow the gap between measured and simulated 
values for this mineral.  Pyrite was present in lower quantities than chalcopyrite, 1.0% 
pyrite versus 2.0% chalcopyrite, in the feed and this would have affected the confidence 
placed in the proportions of pyrite in the different perimeter composition classes from 
which its kinetic parameters were derived.  Further work is needed to increase the 
confidence in the impact of perimeter composition on the recovery of pyrite in this case as 
to improve the prediction of its metallurgical performance from particle-based simulations. 
The flotation simulation approach applied is different to what is currently presented in the 
published works in that flotation simulations were undertaken while also maintaining the 
distribution of particle characteristics from the feed to the final products.  This is a similar 
approach to that published by Parian, et al. (2016) who demonstrated the benefits of 
particle-based simulations for wet low-intensity magnetics separators (WLIMS).  This 
ability to maintain the distribution of sulfide-bearing particles within the flotation streams 
allowed for the prediction of the liberation spectrum of these streams.  From the detailed 
particle-level information that was produced by the simulation, the predicted chalcopyrite 
liberation spectrum for the combined rougher and scavenger concentrates was determined 
for the new rate parameters and are presented in Figure 117.  Compared to Figure 105 the 
particle-based simulations were able to more accurately replicate the observed high-grade 
chalcopyrite particles in the scavenger concentrate when the new kinetic parameters were 
applied. 
The liberation spectrum of chalcopyrite in the rougher concentrate can be used to evaluate 
the potential downstream regrind needs should an average particle grade of no less than 
(for example) 50% chalcopyrite in all sizes be required.  For the rougher concentrate, it is 
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observed that in this case regrinding of particles coarser than approximately 175-180 m 
will be needed.  The proportion of the concentrate in this size class and coarser is very 
low, less than approximately 2.5% and therefore raises the question as to whether 
regrinding of the rougher concentrate, in this case, is justifiable, without considering any 
other downstream processing constraints. 
For the scavenger concentrate the target particle size for a similar chalcopyrite grade is 
approximately 90 m and the material coarser than this size accounted for approximately 
13% of the mass in the concentrate.  A high mass proportion of the chalcopyrite-bearing 
particles in the rougher concentrate (~87%) are indicated to have had chalcopyrite grades 
greater than approximately 50% which, along with the fact that mass balanced 
chalcopyrite grades by size were relatively low (10-23% chalcopyrite), leads to the premise 
that entrainment of liberated gangue was also a potential cause of overall low grades in 
the scavenger concentrate and not just chalcopyrite present in low-grade composite 
particles. 
 
 
Figure 117  Mass balanced versus predicted chalcopyrite liberation spectrum for 
rougher and scavenger concentrate streams from the particle-based simulation 
approach. 
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To investigate this, the proportions of NSG in each size class present as fully liberated 
NSG (based on particle mass composition of NSG), for both concentrates, were 
determined and a summary is given in Table 48.  If this information is combined with the 
fact that the rougher concentrate contained much lower proportions of NSG (~13-50% 
NSG depending on size class) compared to the scavenger concentrate (~53-86% 
depending on the size class) it can be concluded that the proportion of concentrate mass 
present as fully liberated NSG in the case of the scavenger concentrate was much higher.  
This confirms the premise in the above paragraph.  A possible solution to the high 
proportion of entrained gangue to the scavenger concentrate is to operate this part of the 
flotation section so as to achieve lower water recoveries which will reduce liberated 
gangue entrainment.  Deeper flotation froth depths are a possible option to reduce water 
recovery if this is achievable with the available equipment design i.e. self-aspirated air 
intakes.   
Using the particle-based simulation approach the water recovery to the scavenger 
concentrate was reduced by increasing the scavenger concentrate percent solids from the 
initial value of 15.7% to 25% during simulation.  A comparison of the scavenger 
concentrate properties for the two different scenarios is given in Table 49.  These results 
demonstrate the potential benefit reducing overall scavenger water recovery may have on 
the quality of the scavenger concentrate.  A higher grade product was predicted and this 
will also have downstream benefits in that less NSG will be ground finer during regrinding 
which should improve the grades achieved during cleaner flotation. 
In this new particle-based flotation simulation approach it was not necessary to determine 
or calibrate the flotation response of different particle composition classes but instead the 
flotation response of a specific particle composition was determined from its perimeter 
composition.  The typical surface composition model approach (Ralston, et al., 2007; 
Evans, 2010; Ford, et al., 2011; Yoon, et al., 2016) was modified to reflect the true flotation 
behaviour of minerals as a function of their composition instead of assuming a linear 
decrease as surface liberation decreased.  In addition, it was identified that it was also 
required to account for the fact that the proportion of recoverable mineral is different for 
different composition classes. 
 
279 
 
 
 
 
Table 48  Locking characteristics of non-sulfide gangue in rougher and scavenger 
concentrates for the copper porphyry ore. 
Size class 
(m) 
% as fully liberated 
NSG 
(from MLA) 
% as full liberated 
NSG 
(predicted) 
Rougher concentrate 
-20 63.5 54.3 
+20 38.4 43.7 
+75 44.4 31.7 
+106 24.1 18.2 
+150 24.5 16.4 
Scavenger concentrate 
-20 79.4 84.8 
+20 71.1 84.9 
+75 66.8 71.4 
+106 53.2 46.2 
+150 38.4 31.6 
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Table 49  Simulated impact of percent solids in concentrate on scavenger 
concentrate properties. 
Property 15.5% solids 25% solids 
Solids flow 
(tph) 
3.6 2.4 
Water flow 
(tph) 
19.9 7.2 
%Cpy 15.8 23.8 
%NSG 71.0 56.6 
  
 
By accounting for these two aspects on a particle-level it was possible to predict the 
flotation response of a rougher-scavenger copper porphyry flotation circuit with high 
accuracy.  Another contribution of this new flotation simulation approach is that it maintains 
detailed particle information for the sulfide mineral-bearing particles in this case, which 
makes it completely flexible for integration with other unit operations such as WLIMS for 
example (Parian, et al., 2016).  Based on the subsequent separation process the particles 
will be subjected to, reclassification of these particles into bins can be done depending on 
the mineral or particle property that will drive separation.  If gravity separation were to 
follow, the particles in the scavenger tail stream can be re-arranged into particle density 
classes instead of rougher flotation rate classes.  This is the first of its kind for flotation 
circuit simulations and forms a potential platform to be used for the integration of other unit 
operations by adapting particle-based models such as those developed by Parian and co-
workers (2016). 
7.4. Key findings 
The purpose of this chapter was to discuss the role of exposed chalcopyrite grain textures 
on the prediction of the overall rougher and rougher + scavenger recovery behaviour of 
composite chalcopyrite particles, as well as its implications on the flotation kinetic 
parameters for chalcopyrite namely overall rougher flotation rate constant and the 
proportion of recoverable chalcopyrite.  This chapter also presented and applied a novel 
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particle-based flotation simulation approach which enabled the distribution of particle 
composition within a rougher-scavenger flotation circuit to be predicted. 
7.4.1. Accounting for the impact of exposed chalcopyrite grain texture on chalcopyrite 
flotation characteristics 
Through an inspection of the recovery versus perimeter composition class relationship for 
chalcopyrite from simple and complex perimeter texture classes, it was observed that the 
recovery of complex texture classes was greater and that their recoveries coincided with 
the recovery of simple texture classes but at a higher perimeter composition class.  From 
this, an empirical equation was derived that modified the effective perimeter composition 
value for particles within complex texture classes by dividing the measured perimeter 
composition with N, the weighted perimeter texture complexity value.  Because the value 
of N decreases for more complex textures, the result was a higher effective perimeter 
composition for that class compared to its associated simple perimeter texture class.  
When this higher effective perimeter composition was used to predict chalcopyrite 
recovery – based on the recovery versus perimeter composition relationship for the simple 
texture classes – a closer agreement was found with the measured recoveries.  This 
provides support for hypothesis 4 namely ”The higher recoveries for complex grain 
textures may be predicted from the recovery versus perimeter composition relationships 
for simple textures through an empirical model that incorporates the new perimeter texture 
complexity index..”  In addition to the overall recovery values for chalcopyrite the overall 
rougher flotation rate constant and proportions of recoverable chalcopyrite was also 
determined for the different texture classes.  In a similar manner was it possible to more 
accurately determine these parameters for the complex texture classes when an empirical 
equation was used to account for the textural complexity in each case.  Through these it 
was possible to predict the higher overall rougher flotation rate constants for the more 
complex texture classes, the higher proportions of recoverable chalcopyrite, or both as 
they resulted in the overall higher recoveries observed.  This is the first reported attempt to 
predict the impact of exposed mineral grain texture on flotation performance – at the 
particle level - and showed that a simple empirical equation could be used to do this.  
Knowledge of the expected behaviour of the simple texture classes was required to which 
the empirical equation was applied and therefore this approach lends itself to be used in 
the future with existing methods of predicting for example flotation rate constants using 
282 
 
fundamental equations (Pyke, et al., 2003; Pyke, 2004; Ralston, et al., 2007; Yoon & Mao, 
1996; Spencer & Sutherland, 2000; Yoon, et al., 2012; Yoon, et al., 2016).  It is envisaged 
that that this new knowledge of the distribution of mineral grains at the surface of particles 
can be used to determine how they affect the flotation sub-processes (particle-bubble 
attachment and detachment) and to determine if more effective ways can be developed by 
which this textural feature can be included, other than the empirical relationships used in 
this thesis.  This has potential implications in particular for the recovery of low-grade 
composite particles whereby the new knowledge established in this research provided a 
means by which their expected higher recoveries can be predicted with greater accuracy 
than before. 
7.4.2. Particle-based flotation simulation approach 
A modified approach to liberation-based simulation was also presented and evaluated.  
Comparing the outputs (head and size by size assays, predicted chalcopyrite liberation 
spectrum) of the simulation with the mass balanced and measured MLA data showed that 
the predictions were realistic and in good agreement with measured data.  In applying this 
approach it was confirmed that the generally applied particle surface composition model 
(equation (30)) could not be used as it underestimated the expected overall rougher 
flotation rate constants for composite particles.  In this approach, it was also demonstrated 
that the proportion of recoverable mass for a particle is an important attribute that should 
not be ignored.  Although this was demonstrated some 26 years ago using laboratory data 
(Sutherland, 1989) this is the first reported case where it was implemented to simulate an 
industrial flotation circuit accurately.  This confirmed the importance of this aspect when 
particle-based simulations are undertaken and also highlights the fact that more work 
should be done to not only determine the rate of flotation based on particle characteristics 
but to also have means of determining the likely recoverable proportion.  Both these kinetic 
parameters have been shown to be key to undertaking successful particle-based 
simulations. 
Successful prediction of the chalcopyrite liberation spectrum for the rougher and 
scavenger concentrates enabled an assessment of the necessity for downstream 
regrinding to be made.  For the rougher concentrate it was identified that regrinding was 
likely only to benefit very coarse particles (+175 m) but because these form only a small 
proportion of the mass in the concentrate the overall benefit will most likely be small.  The 
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low-grade scavenger concentrate stream was also interrogated in this manner.  The 
particle-based simulation approach was able to successfully predict the presence of high-
grade chalcopyrite-bearing particles for this stream along with the high proportions of fully 
liberated NSG.  It was therefore possible to make an initial assessment of the impact of 
lowering water recovery to this stream as a means of reducing the recovery of liberated 
gangue and the results showed that a grade improvement (from 17% chalcopyrite to 25% 
chalcopyrite) is likely possible before a need for regrinding.  This will have the added 
advantage that regrinding will produce less fine gangue which should benefit cleaner 
flotation. 
This novel, particle-based flotation simulation approach maintains particle information 
during simulations and therefore enables the classification of particles in all streams to be 
flexible.  This is an important contribution and enables other unit processes such as 
magnetic separation, gravity separation and leaching to potentially be incorporated as part 
of future integrated simulations because different unit processes can access different 
information at the particle level.  
This final outcome provides support for hypothesis 5 namely ”All fully liberated, non-
recoverable mineral-bearing particles can be treated as a single archetype that will enable 
attributes for remaining particles to be assigned and tracked individually throughout a 
circuit..” 
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CHAPTER 8  CONCLUSIONS AND FINDINGS RELATED TO 
THESIS HYPOTHESES  
 
 
“My mother said to me, “If you are a soldier, you will become a general. If you are a monk, 
you will become the Pope.” Instead, I was a painter, and became Picasso.” 
- Pablo Picasso 
Artist (1881 - 1973) 
8.1. Introduction 
The research undertaken in this thesis pursued a better understanding of the contribution 
of particle surface attributes towards froth flotation efficiency.  The surface texture of 
interest was the spatial arrangement of exposed hydrophobic mineral grains and this 
particle characteristic was investigated by considering particle section perimeters 
measured using MLA.  The research investigated whether this characteristic affected 
flotation separation on an industrial scale and if so, how this property may be included in 
the future to estimate particle flotation characteristics from particle properties.  A novel 
particle-based flotation simulation was also developed and evaluated as a means of 
capturing key flotation attributes at the particle-level in future simulations. 
During the course of this research five hypotheses were addressed.  These were: 
Hypothesis 1: An index can be derived from particle sections to estimate the spatial 
arrangement of exposed grains by considering the number of exposed grains and the total 
perimeter over which the grains are spread and this index is relevant to flotation 
performance. 
Hypothesis 2: Knowledge of the confidence intervals in the mass proportions of a 
mineral within specific perimeter texture-composition classes is important for the 
assessment of their flotation performance and as an aid to identify which classes to 
assess. 
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Hypothesis 3: Complex grain perimeter textures within particles produce greater 
grain perimeter lengths for bubble attachment and therefore improved recovery is 
achieved. 
Hypothesis 4: The higher recoveries for complex grain textures may be predicted 
from the recovery versus perimeter composition relationships for simple textures through 
an empirical model that incorporates the new perimeter texture complexity index. 
Hypothesis 5: All fully liberated, non-recoverable mineral-bearing particles can be 
treated as a single archetype that will enable attributes for remaining particles to be 
assigned and tracked individually throughout a circuit. 
In the sections to follow final conclusions are presented based on the results from this 
research as they relate to the hypotheses tested. 
8.2. Quantifying the spatial arrangement of grains at the perimeter of particle 
sections 
There are a number of microtextural indicators in the literature that have been shown to 
influence the flotation separation.  None of these can however be used to represent how 
exposed mineral grains are located spatially at the particle surface – the characteristic of 
interest in this research.  A first objective was therefore to identify an appropriate indicator 
for estimating the spatial arrangement of exposed grains using MLA particle sections.  In 
the process three grain arrangement types were identified as important that needed to be 
addressed through the perimeter texture indicator and these were: 
- Multiple exposed grains in close proximity to one another and hence representing a 
simple perimeter texture, 
- A more complex perimeter texture comprising multiple exposed grains located further 
apart. 
- Multiple exposed grains comprising a small grain that is located at a greater distance 
from the test and is as such expected to have a small contribution towards texture 
complexity and hence flotation efficiency. 
Although determining the total number of exposed grains was a suitable qualitative 
approach to identifying particle sections with potentially more complex perimeter texture 
(see Figure 52) it did not provide any quantitative information about the proximity of the 
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exposed grains to one another, which is the feature of interest.  Calculating the relative 
perimeter distribution of exposed grains as the second potential indicator, through 
equation (84), partially addressed this need and provided a means of quantifying the 
extent to which the exposed grains are disseminated or grouped (see Figure 54).  
Application of this revised indicator however highlighted a further gap in that it did not 
consider cases where exposed grains contribute only in a limited way to the textural 
features of the particle perimeter.  Such cases are depicted in Figure 55 and Figure 56 (i).  
Application of equation (84) to these cases overestimated the textural complexity by 
producing low values of NDI. 
It was therefore necessary to consider a third approach to account for the fact that not all 
exposed grains may have equal weighting in determining perimeter textural complexity.  
To incorporate this aspect, the cumulative weighted perimeter distribution of the exposed 
mineral grains (NDC) was determined.  This accounted for the total number of exposed 
mineral grains, their relative distribution at the perimeter but also for their potential unequal 
contributions to textural complexity by considering each grain’s proportion of the total 
exposed perimeter of a mineral.  The application of this approach to the particle section 
images in Figure 56 yielded results that demonstrated this to be a realistic approach. 
The outcomes from developing and testing these three indicators partially supports 
hypothesis 1, that “An index can be derived from particle sections to estimate the spatial 
arrangement of exposed grains by considering the number of exposed grains and the total 
perimeter over which the grains are spread and this index is relevant to flotation 
performance.”  It was identified, however, that the relative size of each exposed grain 
fraction also needed to be included to account for the fact that not all exposed grains had 
equal weighting in determining perimeter textural complexity, and hence flotation 
performance of particles.  The outcome of this is that it is now possible to classify particle 
sections based on a novel quantitative description of the perimeter textural features of a 
target mineral.  As was demonstrated in Chapter 6, this classification ability for the first 
time enabled the impact of exposed grain textures on the flotation separation of copper –
mineral bearing particles to be evaluated and is an advance on current approaches which 
only consider the total perimeter composition. 
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8.3. Establishing confidence in the mass proportion of a mineral within perimeter 
texture-composition classes obtain from MLA particle sections 
As with any quantitative textural measurement obtained from particle sections it was also 
important to understand the feasibility of selecting a specific group of perimeter texture-
composition classes for investigation in this thesis and to have the means of estimating 
confidence intervals in the associated average values, in this case mineral mass 
proportion in each class. 
To do so the bootstrap resampling technique was applied to the IOCG ore rougher 
flotation feed, rougher concentrate and rougher tail samples to answer five key questions 
and these were: 
1. What is the impact on confidence when sub-dividing the mass proportion of a target 
mineral within a perimeter composition class to texture classes? 
2. Can greater confidence be obtained in the data if more particle mounts are prepared 
for measurement? 
3. Can the information obtained from the bootstrap technique be used to guide decision-
making in deciding how the particle sections should be grouped within perimeter 
texture-composition classes? 
4. Does the grade of the target mineral in the sample have an influence on the choice of 
perimeter texture-composition classes? 
5. Can we have confidence in the prediction of the coefficients of variation for sample 
sizes larger than those from which the correlations were derived (related to 
question 2)? 
In section 5.3.1 the bootstrap resampling technique was applied to particle sections from 
flotation feed size classes and the magnitude in the coefficients of variation for the mass of 
copper minerals within perimeter composition classes were compared to those for the 
perimeter texture-composition classes.  The outcome demonstrated how further dividing 
perimeter composition classes decreased confidence by reducing the number of particle 
sections allocated to the perimeter texture-composition classes.  The coefficients of 
variation produced through the bootstrap resampling technique were also compared to the 
coefficients of variation estimated using a published formula by Lamberg & Vianna (2007).  
Good agreement was found with regards to the general order of magnitude of the two sets 
of values but the published formula in some cases produced coefficients of variations that 
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that were lower.  This directly addresses key question 1 and highlighted the fact that more 
resources will be required if lower coefficients of variation are needed when applying 
perimeter texture classes. 
Section 5.3.2 demonstrated that measuring more particle sections per size class can 
increase confidence in the mean values of the mass proportions of copper minerals within 
perimeter texture-composition classes.  Importantly, the outcomes demonstrated that 
significantly more polished blocks would need to be measured to reduce all coefficients of 
variation to below 20% when perimeter texture classes are included in the analysis.  For 
the IOCG in this case it was not practically possible to reduce all coefficients of variations 
to below 20% but additional measurements did improve confidence and therefore key 
question 2 was answered.  In practice however an alternative option to improve confidence 
may be needed. 
In gaining the understanding of the relationship between the coefficient of variation of a 
perimeter texture-composition class and the number of particle sections allocated to that 
class, this knowledge was subsequently utilised in section 5.3.3 to implement a practical 
guide for the selection of perimeter texture-composition classes in the feed samples used 
in this research.  This was done as a first attempt to improve confidence in the mean mass 
proportions without the need for additional measurements and the findings clearly 
demonstrated that by selectively combining perimeter texture and composition classes the 
total number of classes could be reduced from 64 to 48 and an overall increase in the 
confidence in the data resulted.  This provided a robust statistical means of determining a 
set of perimeter texture-composition classes per size class for further assessment, as was 
done in Chapter 6, in the absence of additional measurements and provided an answer to 
key question 3.  This was an important contribution of this research since it enabled 
confidence intervals to be associated with the various overall recovery numbers 
determined for the different texture classes in Chapter 6 from which meaningful statistical 
interpretations of the differences in the recovery values could be made for the first time. 
In establishing the strong relationship between the coefficients of variation and the number 
of particle sections per class the question of how the outcomes may be affected by sample 
grade (key question 4) needed answering because it was important to know which sample 
set (feed, concentrate or tail) to use to ultimately determine the perimeter-texture classes 
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for mass balancing in Chapter 6.  Section 5.3.4 explored this aspect and sample grades 
varied as follow: 
 Feed   0.98% to 4.70% combined bornite and chalcocite 
 Concentrate   12.3% to 45.9% combined bornite and chalcocite 
 Tail   0.08% to 0.46% combined bornite and chalcocite 
It was demonstrated that the analysis of a tail sample would require a large number of 
additional measurements to establish classes with acceptable confidence limits and that 
this may not be possible in a practical sense due to time and cost constraints.  An 
important contribution of this analysis was therefore the demonstration that the feed 
sample was adequate if proper combinations of texture and composition classes are used.  
It is however recommended to do additional measurements (2 to 3 polished blocks) for low 
grade samples to ensure the variations are at a practical low.  This addressed key 
question 4. 
To answer key questions 1 to 4 the assumption was made that the decay in the 
coefficients of variation as the number of particle sections per class increases can be 
extrapolated beyond the number of particle sections actually measured when determining 
the benefit of measuring more polished blocks in the future.  As a final component to 
establishing confidence in the mass proportion of a mineral within perimeter texture-
composition classes, the ability of the applied regression curves in Chapter 4 to accurately 
do so was established by fitting regression curves for the coefficients of variation as the 
sample size was increased from 100 to that measured in a single polished block (7,650 in 
the example discussed).  These curves were then applied to predict the coefficients of 
variation for sample sizes greater than a single polished block and the regression curves 
were shown to be able to accurately predict the impact of doing additional measurements, 
hence answering key question 5. 
By addressing the five key questions support for hypothesis 2 is provided, that “Knowledge 
of the confidence intervals in the mass proportions of a mineral within specific perimeter 
texture-composition classes is important for the assessment of their flotation performance 
and as an aid to identify which classes to assess.”   
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8.4. The flotation behaviour of copper minerals as a function of perimeter texture 
complexity and perimeter composition 
The research outcomes described in sections 8.2 and 8.3 was incorporated along with 
existing data analysis and mass balancing techniques to develop a method by which the 
impact of the perimeter texture of hydrophobic mineral grains on flotation performance can 
be measured.  This forms a key contribution of the research and applies the following 
three steps: 
Step 1: Characterise particle section perimeter textures 
o Export all measured particle section images as individual files for texture 
analysis 
o Apply Cumulative Weighted Perimeter Texture (NDC) calculations to each image 
file and output a table summarising for each particle its weight proportion, NDC 
value, and composition (area, mass and perimeter composition) 
o For each sample and size class, plot the extended cumulative liberation curves 
to assess the impact of particle size and perimeter composition on the presence 
of particles with complex textures as a first attempt to determine likely texture 
and perimeter composition classes for inclusion in further assessments 
Step 2: Establish confidence intervals in mass of a mineral within texture classes 
o Use the bootstrap resampling approach to quantify the coefficients of variation in 
the mass proportion of a target mineral within selected perimeter texture-
composition classes. 
o If these are too high apply the approach in which selected classes are combined 
to reduce variations and rerun bootstrap resampling approach on new classes. 
o Produce consistent sets of mean values and coefficients of variation for all 
samples measured, for all size classes to enable a mass balance to be 
undertaken. 
Step 3: Mass balance the data 
o Apply survey measurements (flow rates, assays, sizings and size assays) to 
complete a standard size-by-mineral mass balance of the circuit, 
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o Apply the mean mass proportions of a mineral within perimeter texture-
composition classes to estimate the initial flow of a mineral within those classes 
for each stream, 
o Apply the estimated coefficients of variation to determine a set of mineral flows 
in each class that produces a consistent mass balance by applying standard 
mass balance techniques.  This produces a single mass balance with average 
numbers from which average recoveries of the different perimeter texture-
composition classes maybe determined, 
o Use the estimated coefficients of variations along with Monte Carlo simulations 
to calculate artificial data sets for which the data points are taken from the 
sample population as the mean, given the standard deviations from the survey 
measurements and the coefficients from the bootstrap resampling approach, 
o Repeat the circuit mass balance for each of the artificial data sets to produce 
different mean values of the mass balanced data, 
o Determine mean recovery values and associated standard deviations for the 
different perimeter texture-composition classes by size using outputs from the 
Monte Carlo simulation. 
By applying this approach to two industrial data sets, one with bornite and chalcocite as 
the main copper minerals and the second with chalcopyrite as the main copper mineral, 
the overall rougher and rougher + scavenger recovery behaviour of perimeter texture-
composition classes was investigated for the first time.  It was shown that for the ores 
investigated perimeter texture affected the flotation response of the low grade composite 
particles (0-20% and 20-40% perimeter composition). 
Statistically significant higher recoveries were determined for the more complex perimeter 
texture classes for the -150+75 m and -75+38 m size classes in the case of the IOCG 
ore.  This was observed for the 0-20% perimeter composition class while no effect was 
observed for the 20-40% perimeter composition classes for this ore.  Although a recovery 
difference of +6% was determined for the -300+150 m size class this was not statistically 
significant (less than 68% confidence or one standard deviation) and the outcome 
provided some support for the third hypothesis namely “Complex grain perimeter textures 
within particles produce greater grain perimeter lengths for bubble attachment and 
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therefore improved recovery is achieved.”  For the copper porphyry ore it was established 
that statistically significant recovery differences could be determined and again particles 
with more complex perimeter textures recovered to a greater extent.  For the 0-20% 
perimeter composition class this was true for the -150+106 m size class with the recovery 
difference for the -300+150 m size class just below the 68% confidence mark, indicating 
that with more confidence in the textural measurements the recovery differences would be 
able to be determined with confidence.  For the 20-40% perimeter composition classes 
statistically significant recovery differences were determined for both the -150+106 m and 
-300+150 m size classes.  These results provided additional support for hypothesis 3 and 
clearly demonstrated that particles with more complex perimeter texture classes recovered 
to a great extent than those with simple perimeter textures.  The outcomes from these two 
Case Studies therefore made significant knowledge contributions by firstly demonstrating 
the impact of perimeter texture on the overall rougher flotation recovery of low grade 
composite particles, and secondly by demonstrating with confidence that size and overall 
perimeter composition are important but not sufficient as the only criteria for estimating the 
flotation response of low grade composite particles for the ores evaluated. 
The impact of perimeter texture on the rougher flotation kinetic parameters for the copper 
porphyry ore was also investigated.  The outcome demonstrated for the first time that 
complex perimeter textures improved overall metallurgical performance by improving the 
overall rougher flotation rate constant, by increasing the proportion of recoverable copper 
mineral within a texture class or both.  For the coarse size class (-300+150 m) the 
improved overall rougher recovery profile was shown to be due to an increase in the 
proportion of recoverable chalcopyrite whereas the improved rougher recovery profile for 
the -150+106 m size class was a s a result of an increase in both the rougher rate of 
flotation and the proportion of recoverable chalcopyrite.  This impact of exposed grain 
texture complexity on flotation kinetics has never been reported before and highlights very 
important implications for future research.  To successfully determine the expected particle 
kinetic parameters from its associated characteristics it is necessary to in future 
understand how exposed grain texture impacts not only on the flotation rate constant but 
also on the proportion of recoverable material.  Fundamental research therefore need to 
build the insights that will demonstrate the impact of exposed grain textures on the rate of 
particle-bubble capture as well as the tenacity of the particle-bubble aggregate.  The 
contribution of the latter two sub-processes towards particle flotation rates are well 
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discussed in the literature but very little exists that address the impact on the proportion of 
recoverable mineral. 
8.5. Incorporating perimeter texture effects in predicting flotation characteristics 
For the overall rougher and rougher + scavenger recoveries a simple empirical relationship 
was developed by which the effective perimeter composition of the copper minerals in 
complex texture classes was determined and took into account the value of the weighted 
perimeter texture complexity of particles within a complex perimeter texture-composition 
class.  When this new perimeter composition value was used in combination with the 
overall rougher or rougher + scavenger flotation recovery versus perimeter composition 
relationships developed using the simple texture classes produced a closer approximation 
of the overall flotation recovery of copper minerals in particles with complex perimeter 
grain textures.  The same form of the empirical relationship was also applied to 
demonstrate that the higher rougher flotation rate constants or higher proportions of 
recoverable chalcopyrite could be calculated with greater accuracy for the copper porphyry 
ore.  This produced for the first time a means of incorporating perimeter texture complexity 
when determining the flotation characteristics of copper minerals in different texture 
classes.  The form of the model was based on the assumption that complex exposed grain 
textures produce greater exposed grain perimeters which serve as anchoring points for the 
bubbles on the particle surface.  The fact that improved predictions of the flotation 
characteristics for the complex texture classes resulted when textural complexity was 
incorporated indicate this to be plausible assumption as improved predictions were 
achieved through higher effective perimeter composition values for the complex texture 
classes.  This is something that can be tested in future research as it was beyond the 
scope of this thesis.  The outcomes of the empirical model predictions provided support for 
hypothesis 4, that ”The higher recoveries for complex grain textures may be predicted from 
the recovery versus perimeter composition relationships for simple textures through an 
empirical model that incorporates the new perimeter texture complexity index.”   
The empirical model in each case was developed based on the behaviour of low grade 
composite particles and should in future be validated on ores that include high grade 
particles with complex perimeter textures. 
294 
 
8.6. Particle-based flotation simulations 
In the final part of this thesis a novel particle-based flotation simulation approach is 
proposed to produce not only average particle archetype compositional information but 
also detailed characteristics at the particle-level. 
By not classifying particles using composition as the primary driver the simulations 
undertaken for the copper porphyry ore demonstrated that particle-based simulations can 
be undertaken successfully and good agreement was found between the mass balanced 
data and those produced by the simulation.  The application of the new particle-based 
flotation simulation approach demonstrated the importance of capturing the true nature of 
the flotation rate constant versus perimeter composition relationship to enable accurate 
particle-based simulations.  In addition it also highlighted the importance of capturing the 
proportion of the recoverable mass at the particle level.  Although this aspect was 
highlighted by Sutherland (1989) for laboratory data there is very little in the published 
works that addresses this on industrial scale and at the particle level.  As with the overall 
rougher flotation rate constants this parameter did not follow a linear trend with perimeter 
composition and the trend was also different for the different minerals and for the different 
size classes. 
When the measured influence of perimeter composition on the rate of chalcopyrite and 
pyrite flotation and their proportion of recoverable mass within a composition classes was 
included the approach was able to demonstrate a new simulation capability namely its 
ability to for the first time make predictions of the full spectrum of particle compositions 
within flotation products.  The predicted chalcopyrite liberation spectrum for the rougher 
concentrate for the copper porphyry ore showed that regrinding will potentially only benefit 
a small proportion of the chalcopyrite in the rougher concentrate.  The same analysis on 
the scavenger concentrate provided evidence that despite the fact that the overall 
concentrate grade was low, chalcopyrite was present to a great extent in high grade 
particles and that the entrainment of liberated gangue was a large contributor to the low 
overall grade.  The advantage of this new simulation approach is that it allows for the 
distribution of mineral flotation rate constants (for example) to be determined from particle 
attributes instead of having to calibrate the response of different particle composition 
classes.  Although the latter was done in this thesis to demonstrate the concept, if future 
research provides more robust ways of determining the flotation characteristics of 
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composite particles, such as allowing for grain textural effects,  then this simulation 
approach will enable the new knowledge to be captured and simulated at the particle-level.  
The outcome of the novel simulation approach therefore supports hypothesis 5, that “All 
fully liberated, non-recoverable mineral-bearing particles can be treated as a single 
archetype that will enable attributes for remaining particles to be assigned and tracked 
individually throughout a circuit.” 
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CHAPTER 9  RECOMMENDATIONS FOR FUTURE WORK 
 
 
“Scissors cuts paper, paper covers rock, rock crushes lizard, lizard poisons Spock, Spock 
smashes scissors, scissors decapitates lizard, lizard eats paper, paper disproves Spock, 
Spock vaporizes rock, and as it always has, rock crushes scissors.” 
- Dr Sheldon Cooper 
Physicist and fictional character on Warner Brothers’ The Big Bang Theory 
9.1. Introduction 
This research investigated the impact of particle surface grain textures, as approximated 
by perimeter textures of particle sections, on flotation performance.  The method 
developed was applied to two copper-bearing ores and more work is required to determine 
the application of this technique to other commodities as well as how this approach can in 
the future be extended to incorporate 3D measurements of real particle surfaces.  This 
work also established an important link between fundamental research that investigate the 
effects of particle surface irregularities on bubble attachment and what is observed in 
industrial flotation observations.  More work is however required with regards to the 
modelling of the sub-processes of attachment and detachment and how these are affected 
by the texture of the hydrophobic mineral grains. 
Potential future research areas might therefore include: 
- Robustness and independence of new NDC indicator: 
When the newly developed texture indicator (NDC) is considered from a strictly 
analytical perspective some shortcomings may be identified in terms of its robustness 
and independency.  As was demonstrated in Chapter 4, the choice of the starting point 
will impact on its value and this requires future investigations to develop a more robust 
indicator.  However, the proposed indicator is a suitable candidate for future modelling 
purposes as it is based on a sound understanding of flotation principles. 
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- Applying 2D particle sections versus 3D tomography measurements of real 
particle surfaces: 
The work was undertaken using polished section images for which known stereological 
constraints exist that complicate the interpretation of the textural data.  The bootstrap 
technique was applied to determine confidence intervals in the texture classes that 
result from sub-sampling and hence does not include an estimate of variations in the 
textural features due to stereological constraints.  Taking the Gaudin classes shown in 
Figure 5 as an example, it is easy to imagine that 2D sections of class (i) will show very 
high variances of their NDC values whereas classes (iv) and (iii) will show a much more 
limited variance, in line with that reported by Spencer & Sutherland ( 2000).  Variations 
in the textural complexity obtained from 2D sections should be investigated further 
through the application of judicious 3D measurements in parallel, and may lead to a 
further reduction in the overall variation if this is done. 
- Extend technique to include textural features measured using 3D tomography: 
The technique developed in this research should be generally applicable to textural 
measurements of 3D particle surfaces as well.  It is proposed to in the future extend 
this to 3D measurements where stereological bias is removed and to determine the 
true impact of surface texture on flotation performance.  The added benefit of 3D 
measurements is that the number of particles measured is also increased significantly 
which is advantageous for a particle statistics perspective. 
- Include a greater variety of ores: 
The copper ores tested in this research only exhibited perimeter textural complexity for 
low grade (less than 40% perimeter composition) particle classes.  It is proposed to 
apply this method and to verify the validity of the findings for particles having a greater 
perimeter composition of the hydrophobic mineral.  It should also be extended to other 
ores (i.e. Pb, Zn, Ni, iron ore) to determine if the outcomes reported here can be 
generalised. 
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- More than one hydrophobic component: 
The texture analysis in this thesis focused on a single hydrophobic mineral and 
mineralogical characterisation of the feed samples showed that for both Case Studies a 
high degree of liberation between the copper minerals and floating gangue (pyrite) was 
achieved.  To further validate the impact of grain textures the method should be 
extended to include multiple recoverable species, particularly to capture ores where the 
intergrowth between different sulfide minerals is more complex.  
- Impact of surface texture on sub-processes of attachment and detachment: 
The research in this thesis established that perimeter texture does have an impact on 
the overall recovery of low grade composite particles for the two copper ores tested.  It 
was also established that both the overall rate of flotation and proportions of 
recoverable copper mineral was affected by texture complexity.  The research made no 
attempt to determine how texture complexity affected the sub-processes of particle-
bubble attachment and detach.  Fundamental insights of how this characteristic affects 
the sub-processes should form a key component in providing more robust property-
based models for the forecasting of flotation performance.  The work by Vizcarra, et 
al. ( 2011) for example may be seen as indicating that sharp features may be more 
important for composite particles of low hydrophobicity where attachment efficiency to 
bubbles is low due to low liberation of the hydrophobic minerals and this should be 
considered in future work when examining the impact of particle composition and grain 
textures. 
- Interaction between pulp and froth phases: 
It is well known that the behaviour of the froth phase is affected by particle 
characteristics such as size, density and surface hydrophobicity.  The work can be 
extended to determine the extent to which the overall recovery differences observed 
were as a result of the pulp phase or froth phase, respectively. 
- Grain boundaries and chemistry effects: 
This research made no attempt to determine if chemistry affects the different texture 
classes in a different way and if this contributes to the observed differences in flotation 
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recovery.  Determining if for example preferential collector adsorption occurs at grain 
boundaries and how this contributes to the overall impact of textural features should be 
consider for future work. 
- Extend simulations to incorporate regrinding: 
The particle-based simulation approach presented in this research does not include the 
case where streams are reground or when the chemistry changes within the circuit.  If 
this is the case, particle rate attributes will change within the circuit and this will impact 
on the particle register for all archetypes.  During regrinding the physical nature of 
particles change and there will also be a shift of mass between particle size classes.  
More work is required to determine how these aspects may be accommodated to 
increase the usefulness of particle-based simulations. 
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Appendix A 
 
 
The purpose of the supplementary information in this section is to provide additional 
information on the outcomes of the overall mass balance for the two industrial case 
studies.  The parity charts in this section show the experimental values versus the 
mean values from the Monte Carlo Simulations to demonstrate that a good fit of the 
mass balanced data to the measured data was achieved for both Case Studies. 
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Case Study 1 – IOCG ore 
 
Overall stream data 
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Sized stream assays 
 
 
 
 
 
  
 
+150 m +75 m 
+38 m +22 m 
-22 m 
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Combined bornite + chalcocite perimeter texture-composition classes 
 
  
 
 
  
 
+150 m +75 m 
+38 m 
-22 m +22 m 
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Case Study 2 – Copper porphyry ore 
 
Overall stream data 
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Sized stream assays 
 
  
 
  
 
  
 
+150 m +106 m 
+75 m +20 m 
-20 m 
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Chalcopyrite perimeter texture-composition classes 
 
  
  
 
  
 
+150 m +106 m 
+75 m 
+20 m -20 m 
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Quartz-gangue liberation for entrainment calculations 
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Appendix B 
 
 
The purpose of the supplementary information in this section is to provide the reader 
with the Microsoft VBA macro that was implemented in this thesis to produce 
normally distributed random numbers as was required when applying the bootstrap 
resampling technique in Chapter 5. 
The first part provides a description of the global variables that were declared and 
the second part the macros that generated the random numbers along with the 
application of bootstrap resampling technique to a population of particle section 
images. 
 
 
 
Part 1: Global variables 
Option Base 1 ' Set default array subscripts to 1. 
 
Public Type TYPLibTextureDataMass 
    Sec_mass(1 To 7, 1 To 6) As Double 
    Mineral_mass(1 To 7, 1 To 6) As Double 
End Type 
 
Public Type TYPLibTextureDataPCT 
    Sec_massPCT(1 To 7, 1 To 6) As Double 
    Mineral_massPCT(1 To 7, 1 To 6) As Double 
End Type 
 
Public Type TYPTextureStats 
    Sec_massPCT_ave(1 To 7, 1 To 6) As Double 
    Mineral_massPCT_ave(1 To 7, 1 To 6) As Double 
    Sec_massPCT_SD(1 To 7, 1 To 6) As Double 
    Mineral_massPCT_SD(1 To 7, 1 To 6) As Double 
    Sec_massPCT_CoV(1 To 7, 1 To 6) As Double 
    Mineral_massPCT_CoV(1 To 7, 1 To 6) As Double 
    Sec_counts(1 To 7, 1 To 6) As Double 
    Mineral_counts(1 To 7, 1 To 6) As Double 
End Type 
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Public CumLibData As TYPLibTextureDataMass 
Public CumLibDataPCT(1 To 1000) As TYPLibTextureDataPCT 
Public SampleStats As TYPTextureStats 
 
Public SectionRefs As Object 
Public Const SectionRefsRange = "A5:S100004" 
Public SectionOutputRefs As Object 
Public Const SectionOutputRefsRange = "W21:AA100020" 
Public CumMassOutput As Object 
Public Const CumMassOutputRange = "W7:AB8" 
Public MineralAvePCTOutput As Object 
Public Const MineralAvePCTOutputRange = "AF25:AL34" 
 
Public Particle_Stats_Output_Ave As Object 
Public Const Particle_Stats_Output_Ave_Range = "AO10:AU15" 
Public Particle_Stats_Output_SD As Object 
Public Const Particle_Stats_Output_SD_Range = "AO18:AU23" 
Public Particle_Stats_Output_CoV As Object 
Public Const Particle_Stats_Output_CoV_Range = "AO26:AU31" 
 
Public Mineral_Stats_Output_Ave As Object 
Public Const Mineral_Stats_Output_Ave_Range = "AO37:AU42" 
Public Mineral_Stats_Output_SD As Object 
Public Const Mineral_Stats_Output_SD_Range = "AO45:AU50" 
Public Mineral_Stats_Output_CoV As Object 
Public Const Mineral_Stats_Output_CoV_Range = "AO53:AU58" 
 
Public Sec_Count_Output As Object 
Public Const Sec_Count_Output_Range = "AO64:AU69" 
Public Mineral_Count_Output As Object 
Public Const Mineral_Count_Output_Range = "AO72:AU77" 
 
Public RNDCounter As Double 
Public SUBSETCounter As Double 
Public LibBin As Integer 
Public TextureBin As Integer 
Public CumTotalSectionMass As Double 
Public CumTotalMineralMass As Double 
 
Public M_random_sets As Double 
Public N_sections_per_set As Double 
Public Z_max_sections_per_set As Double 
 
Public Mineral_SD_SQR(1 To 7, 1 To 6) As Double 
Public Sec_SD_SQR(1 To 7, 1 To 6) As Double 
 
Part 2: Bootstrap resampling technique 
Public Sub BootStrapTechnique() 
 
'Set object for overall section population information and output of selected sections 
 
Set SectionRefs = ActiveSheet.Range(SectionRefsRange) 
Set SectionOutputRefs = ActiveSheet.Range(SectionOutputRefsRange) 
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Set CumMassOutput = ActiveSheet.Range(CumMassOutputRange) 
Set MineralAvePCTOutput = ActiveSheet.Range(MineralAvePCTOutputRange) 
 
Set Particle_Stats_Output_Ave = ActiveSheet.Range(Particle_Stats_Output_Ave_Range) 
Set Particle_Stats_Output_SD = ActiveSheet.Range(Particle_Stats_Output_SD_Range) 
Set Particle_Stats_Output_CoV = ActiveSheet.Range(Particle_Stats_Output_CoV_Range) 
 
Set Mineral_Stats_Output_Ave = ActiveSheet.Range(Mineral_Stats_Output_Ave_Range) 
Set Mineral_Stats_Output_SD = ActiveSheet.Range(Mineral_Stats_Output_SD_Range) 
Set Mineral_Stats_Output_CoV = ActiveSheet.Range(Mineral_Stats_Output_CoV_Range) 
 
Set Sec_Count_Output = ActiveSheet.Range(Sec_Count_Output_Range) 
Set Mineral_Count_Output = ActiveSheet.Range(Mineral_Count_Output_Range) 
 
'Set method variables 
 
M_random_sets = ActiveSheet.Range("Y14").Value 
N_sections_per_set = ActiveSheet.Range("Y15").Value 
Z_max_sections_per_set = ActiveSheet.Range("B2").Value 
 
'Reset cumulative data 
 
With CumLibData 
 
    For i = 1 To 7 
     
        For j = 1 To 6 
     
            .Sec_mass(i, j) = 0 
            .Mineral_mass(i, j) = 0 
         
        Next j 
         
    Next i 
     
End With 
 
For k = 1 To 1000 
 
    For l = 1 To 7 
     
        For m = 1 To 6 
     
            CumLibDataPCT(k).Sec_massPCT(l, m) = 0 
            CumLibDataPCT(k).Mineral_massPCT(l, m) = 0 
             
            SampleStats.Sec_counts(l, m) = 0 
            SampleStats.Mineral_counts(l, m) = 0 
             
        Next m 
         
    Next l 
     
Next k 
 
 
RNDCounter = 0 
SUBSETCounter = 0 
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CumTotalSectionMass = 0 
CumTotalMineralMass = 0 
 
 
If N_sections_per_set <= Z_max_sections_per_set Then 
 
    For j = 1 To M_random_sets 
     
        SUBSETCounter = SUBSETCounter + 1 
        RNDCounter = 0 
        CumTotalSectionMass = 0 
        CumTotalMineralMass = 0 
         
        With CumLibData 
         
            For i = 1 To 7 
             
                For b = 1 To 6 
             
                    .Sec_mass(i, b) = 0 
                    .Mineral_mass(i, b) = 0 
                 
                Next b 
                 
            Next i 
             
        End With 
         
            For i = 1 To N_sections_per_set 
             
            Application.StatusBar = ("Subset: " & j) 
             
                Dim RandomValue As Double 
                Randomize 
                RandomValue = Int((Z_max_sections_per_set * Rnd) + 1) 
                RNDCounter = RNDCounter + 1 
                                
                'Determine surface liberation class bin 
                 
                If SectionRefs(4 + RandomValue, 13) > 0 Then        'particle section not barren 
                 
                    Select Case SectionRefs(4 + RandomValue, 9)     'perimeter composition bin 
                     
                        Case 0 
                            LibBin = 2 
                        Case 0, Is <= 20 
                            LibBin = 3 
                        Case 20, Is <= 40 
                            LibBin = 4 
                        Case 40, Is <= 60 
                            LibBin = 5 
                        Case 60, Is <= 80 
                            LibBin = 6 
                        Case 80, Is <= 100 
                            LibBin = 7 
                                         
                    End Select 
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                    Select Case SectionRefs(4 + RandomValue, 8)     'texture bin 
                     
                        Case 0 
                            TextureBin = 1 
                        Case 0, Is <= 0.2 
                            TextureBin = 2 
                        Case 0.2, Is <= 0.4 
                            TextureBin = 3 
                        Case 0.4, Is <= 0.6 
                            TextureBin = 4 
                        Case 0.6, Is <= 0.8 
                            TextureBin = 5 
                        Case 0.8, Is <= 1 
                            TextureBin = 6 
                                         
                    End Select 
                 
                    SampleStats.Mineral_counts(LibBin, TextureBin) = SampleStats.Mineral_counts(LibBin, 
TextureBin) + 1 
 
                Else 
                 
                    LibBin = 1 
                    TextureBin = 1 
                     
                End If 
                 
                'Accumulate section and mineral mass to liberation texture bins 
                 
                With CumLibData 
                 
                    .Sec_mass(LibBin, TextureBin) = SectionRefs(4 + RandomValue, 4) + .Sec_mass(LibBin, 
TextureBin) 
                    CumTotalSectionMass = CumTotalSectionMass + SectionRefs(4 + RandomValue, 4) 
                    SampleStats.Sec_counts(LibBin, TextureBin) = SampleStats.Sec_counts(LibBin, 
TextureBin) + 1 
                     
                    .Mineral_mass(LibBin, TextureBin) = SectionRefs(4 + RandomValue, 13) + 
.Mineral_mass(LibBin, TextureBin) 
                    CumTotalMineralMass = CumTotalMineralMass + SectionRefs(4 + RandomValue, 13) 
                     
                End With 
                 
            Next i 
                 
            'Determine massPCT distribution for this subset and place in matrix 
             
            For i = 1 To 7 
             
                For d = 1 To 6 
             
                    With CumLibDataPCT(SUBSETCounter) 
                     
                        If CumTotalSectionMass > 0 Then 
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                            .Sec_massPCT(i, d) = (CumLibData.Sec_mass(i, d) / CumTotalSectionMass) * 100 
                        Else 
                            .Sec_massPCT(i, d) = 0 
                        End If 
                         
                        If CumTotalMineralMass > 0 Then 
                            .Mineral_massPCT(i, d) = (CumLibData.Mineral_mass(i, d) / CumTotalMineralMass) * 
100 
                        Else 
                            .Mineral_massPCT(i, d) = 0 
                        End If 
                         
                    End With 
                     
                Next d 
                     
            Next i 
                     
    Next j 
         
    'Calculate averages for liberation texture classes 
     
    Dim Cum_SecPCT As Double 
    Cum_SecPCT = 0 
    Dim Cum_MinPCT As Double 
    Cum_MinPCT = 0 
     
    For j = 1 To 7 
     
        For Z = 1 To 6 
     
            Cum_SecPCT = 0 
            Cum_MinPCT = 0 
             
                For k = 1 To M_random_sets 
             
                    Cum_SecPCT = Cum_SecPCT + CumLibDataPCT(k).Sec_massPCT(j, Z) 
                    Cum_MinPCT = Cum_MinPCT + CumLibDataPCT(k).Mineral_massPCT(j, Z) 
                     
                Next k 
                 
                SampleStats.Sec_massPCT_ave(j, Z) = Cum_SecPCT / M_random_sets 
                SampleStats.Mineral_massPCT_ave(j, Z) = Cum_MinPCT / M_random_sets 
         
        Next Z 
         
    Next j 
         
    'Calculate SDs 
     
    For i = 1 To 7 
     
        For j = 1 To 6 
     
            Mineral_SD_SQR(i, j) = 0 
            Sec_SD_SQR(i, j) = 0 
             
                For k = 1 To M_random_sets 
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                    Sec_SD_SQR(i, j) = ((CumLibDataPCT(k).Sec_massPCT(i, j) - 
SampleStats.Sec_massPCT_ave(i, j)) ^ 2) + Sec_SD_SQR(i, j) 
                    Mineral_SD_SQR(i, j) = ((CumLibDataPCT(k).Mineral_massPCT(i, j) - 
SampleStats.Mineral_massPCT_ave(i, j)) ^ 2) + Mineral_SD_SQR(i, j) 
                     
                Next k 
                 
                    SampleStats.Sec_massPCT_SD(i, j) = (Sec_SD_SQR(i, j) / M_random_sets) ^ (0.5) 
                    SampleStats.Mineral_massPCT_SD(i, j) = (Mineral_SD_SQR(i, j) / M_random_sets) ^ (0.5) 
                     
        Next j 
                     
    Next i 
     
    'Calculate CoV 
 
    For i = 1 To 7 
     
        For j = 1 To 6 
     
                If SampleStats.Mineral_massPCT_ave(i, j) > 0 Then 
                    SampleStats.Mineral_massPCT_CoV(i, j) = (SampleStats.Mineral_massPCT_SD(i, j) / 
SampleStats.Mineral_massPCT_ave(i, j)) * 100 
                Else 
                    SampleStats.Mineral_massPCT_CoV(i, j) = 0 
                End If 
                 
                If SampleStats.Sec_massPCT_ave(i, j) > 0 Then 
                    SampleStats.Sec_massPCT_CoV(i, j) = (SampleStats.Sec_massPCT_SD(i, j) / 
SampleStats.Sec_massPCT_ave(i, j)) * 100 
                Else 
                    SampleStats.Sec_massPCT_CoV(i, j) = 0 
                End If 
         
        Next j 
         
    Next i 
     
    'Write stats 
     
    For i = 1 To 7 
     
        For j = 1 To 6 
     
                Particle_Stats_Output_Ave(j, i) = SampleStats.Sec_massPCT_ave(i, j) 
                Particle_Stats_Output_SD(j, i) = SampleStats.Sec_massPCT_SD(i, j) 
                Particle_Stats_Output_CoV(j, i) = SampleStats.Sec_massPCT_CoV(i, j) 
                 
                Mineral_Stats_Output_Ave(j, i) = SampleStats.Mineral_massPCT_ave(i, j) 
                Mineral_Stats_Output_SD(j, i) = SampleStats.Mineral_massPCT_SD(i, j) 
                Mineral_Stats_Output_CoV(j, i) = SampleStats.Mineral_massPCT_CoV(i, j) 
                 
                Sec_Count_Output(j, i) = SampleStats.Sec_counts(i, j) / M_random_sets 
                Mineral_Count_Output(j, i) = SampleStats.Mineral_counts(i, j) / M_random_sets 
   
        Next j 
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    Next i 
             
    MsgBox ("Bootstrap complete...") 
Else 
 
    MsgBox ("Number of randomly selected particle sections per subset (N) cannot be greater than total 
number of particle sections measured...") 
 
End If 
 
End Sub 
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Appendix C 
 
 
This appendix provides a summary of the mean mass proportions of the main copper 
minerals in each perimeter texture-composition class obtained from analysing the 
particle sections from the two industrial Case Studies.  The corresponding 
coefficients of variation determined by applying the bootstrap resampling technique 
(see Chapter 5) are also provided. 
In the tables ‘x’ represents the perimeter composition classes and ‘y’ the perimeter 
texture classes. 
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Case Study 1 – IOCG ore 
 
Table C.1: Mass distribution of bornite + chalcocite to different perimeter 
texture-composition classes in the IOCG ore samples for the +150 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  19.86 8.25  
0.8 > y <= 1.0 5.42 28.52 10.18 27.76 
     
     
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  22.06 11.53  
0.8 > y <= 1.0 1.25 23.57 15.52 26.07 
     
     
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  26.70 9.03  
0.8 > y <= 1.0 9.37 35.84 10.40 8.66 
  
 
 
Table C.2: Coefficients of variation for mass distribution bornite + chalcocite to 
different perimeter texture-composition classes in the IOCG ore samples for 
the +150 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  25.07 38.06  
0.8 > y <= 1.0 22.70 18.89 33.69 44.88 
     
     
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  5.71 8.19  
0.8 > y <= 1.0 12.18 4.20 7.02 6.51 
     
     
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  19.05 43.96  
0.8 > y <= 1.0 14.24 10.71 33.08 39.41 
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Table C.3: Mass distribution of bornite + chalcocite to different perimeter 
texture-composition classes in the IOCG ore samples for the +75 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  10.01 8.71  
0.8 > y <= 1.0 1.80 10.98 10.64 57.86 
     
     
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  6.31 7.07  
0.8 > y <= 1.0 0.54 8.22 10.35 67.52 
     
     
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  19.23 10.69  
0.8 > y <= 1.0 6.93 34.39 16.23 12.53 
  
Table C.4: Coefficients of variation for mass distribution bornite + chalcocite to 
different perimeter texture-composition classes in the IOCG ore samples for 
the +75 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  21.75 24.60  
0.8 > y <= 1.0 27.81 11.74 17.38 5.76 
     
     
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  6.75 7.60  
0.8 > y <= 1.0 10.80 4.49 5.32 1.37 
     
     
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  20.29 50.25  
0.8 > y <= 1.0 20.31 12.05 30.23 29.86 
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Table C.5: Mass distribution of bornite + chalcocite to different perimeter 
texture-composition classes in the IOCG ore samples for the +38 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  3.44 3.73  
0.8 > y <= 1.0 0.53 3.76 5.95 82.59 
     
     
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  2.19 3.00  
0.8 > y <= 1.0 0.23 3.05 5.35 86.18 
     
     
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  5.90 7.16  
0.8 > y <= 1.0 5.66 23.48 10.18 47.63 
  
Table C.6: Coefficients of variation for mass distribution bornite + chalcocite to 
different perimeter texture-composition classes in the IOCG ore samples for 
the +38 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  22.06 25.55  
0.8 > y <= 1.0 25.10 14.36 20.87 2.17 
     
     
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  8.53 9.49  
0.8 > y <= 1.0 17.87 6.19 6.34 0.59 
     
     
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100 
0.6 > y <= 0.8  38.14 58.67  
0.8 > y <= 1.0 28.07 20.10 53.65 17.81 
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Table C.7: Mass distribution of bornite + chalcocite to different perimeter texture-
composition classes in the IOCG ore samples for the +22 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 60 40 < x <= 60 80 < x <= 100 
0.0 > y <= 1.0 0.09 2.13 3.34 6.56 13.81 74.07 
     
  
       
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 0.08 1.76 3.24 5.28 11.37 78.27 
     
  
       
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 4.34 19.91 7.20 8.83 13.24 53.48 
 
Table C.8: Coefficients of variation for mass distribution bornite + chalcocite to 
different perimeter texture-composition classes in the IOCG ore samples for the 
+22 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 60 40 < x <= 60 80 < x <= 100 
0.0 > y <= 1.0 35.25 22.43 21.81 17.02 13.91 2.95 
     
  
       
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 19.52 7.79 7.16 6.18 5.01 0.86 
     
  
       
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 55.45 59.61 85.83 96.39 97.96 41.00 
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Table C.9: Mass distribution of bornite + chalcocite to different perimeter texture-
composition classes in the IOCG ore samples for the -22 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 60 40 < x <= 60 80 < x <= 100 
0.0 > y <= 1.0 0.09 1.19 2.36 6.12 7.36 82.87 
     
  
       
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 0.08 1.07 2.15 3.70 5.55 87.45 
     
  
       
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 0.31 3.46 5.55 4.56 6.30 79.82 
 
 
Table C.10: Coefficients of variation for mass distribution bornite + chalcocite to 
different perimeter texture-composition classes in the IOCG ore samples for the -
22 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 60 40 < x <= 60 80 < x <= 100 
0.0 > y <= 1.0 33.71 21.75 22.25 15.43 19.15 2.05 
     
  
       
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 33.38 11.74 10.55 9.68 9.65 0.77 
     
  
       
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 100   
0.0 > y <= 1.0 64.96 46.70 56.28 75.60 64.59 8.25 
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Case Study 2 – Copper porphyry ore 
 
 
Table C.11: Mass distribution of chalcopyrite to different perimeter texture-
composition classes in the copper porphyry ore samples for the +150 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8 
 
6.69 2.13 
  
0.8 > y <= 1.0 7.46 33.33 13.25 7.40 29.74 
      
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8 
 
1.12 0.92 
  
0.8 > y <= 1.0 0.19 5.59 6.91 17.26 68.02 
      
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8 
 
9.60 5.25 
  
0.8 > y <= 1.0 12.18 55.07 11.09 2.66 4.16 
      
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8 
 
5.55 2.92 
  
0.8 > y <= 1.0 1.32 25.30 19.83 15.26 29.83 
      
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8 
 
9.17 0.68 
  
0.8 > y <= 1.0 15.75 53.75 14.23 3.78 2.64 
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Table C.12: Coefficients of variation for mass distribution chalcopyrite to 
different perimeter texture-composition classes in the copper porphyry ore 
samples for the +150 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  26.54 44.13   
0.8 > y <= 1.0 17.92 9.86 20.34 31.11 16.28 
      
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  11.86 16.43   
0.8 > y <= 1.0 15.49 5.16 5.57 4.85 1.47 
      
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  22.19 73.76   
0.8 > y <= 1.0 13.45 7.71 27.16 46.80 58.47 
      
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  10.50 20.57   
0.8 > y <= 1.0 11.57 4.80 6.57 9.51 7.24 
      
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  24.91 70.57   
0.8 > y <= 1.0 11.44 7.50 28.31 66.36 53.58 
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Table C.13: Mass distribution of chalcopyrite to different perimeter texture-
composition classes in the copper porphyry ore samples for the +106 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  1.96 0.14   
0.8 > y <= 1.0 1.89 8.02 5.34 12.77 69.87 
      
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  0.59 0.49   
0.8 > y <= 1.0 0.09 2.59 3.96 12.62 79.65 
      
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  5.71 0.00   
0.8 > y <= 1.0 13.35 41.02 7.57 7.33 25.03 
      
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  3.00 1.07   
0.8 > y <= 1.0 1.06 17.12 12.95 15.51 49.29 
      
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  7.03 0.96   
0.8 > y <= 1.0 13.03 44.38 7.12 4.12 23.36 
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Table C.14: Coefficients of variation for mass distribution chalcopyrite to 
different perimeter texture-composition classes in the copper porphyry ore 
samples for the +106 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  27.35 70.76   
0.8 > y <= 1.0 13.87 11.71 20.97 19.57 4.32 
      
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  14.23 16.21   
0.8 > y <= 1.0 13.31 4.84 5.98 4.57 0.82 
      
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  34.56 0.00   
0.8 > y <= 1.0 18.59 12.34 34.65 60.90 27.39 
      
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  11.48 27.80   
0.8 > y <= 1.0 10.66 4.73 6.41 8.41 3.44 
      
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.0 > y <= 0.8  32.20 101.52   
0.8 > y <= 1.0 14.12 11.29 39.92 58.42 30.01 
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Table C.15: Mass distribution of chalcopyrite to different perimeter texture-
composition classes in the copper porphyry ore samples for the +75 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  0.36 1.26   
0.8 > y <= 1.0 0.77 2.97 2.89 7.15 84.61 
      
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  0.21 0.23   
0.8 > y <= 1.0 0.06 1.11 1.88 8.85 87.66 
      
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  9.85 0.59   
0.8 > y <= 1.0 8.67 27.59 5.57 10.80 36.93 
      
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  0.86 0.80   
0.8 > y <= 1.0 0.46 5.88 6.10 11.12 74.78 
      
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  1.05 0.28   
0.8 > y <= 1.0 1.15 5.36 4.58 10.71 76.88 
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Table C.16: Coefficients of variation for mass distribution chalcopyrite to 
different perimeter texture-composition classes in the copper porphyry ore 
samples for the +75 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  38.99 55.04   
0.8 > y <= 1.0 18.02 12.18 20.37 19.36 1.99 
      
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  15.39 21.35   
0.8 > y <= 1.0 14.10 5.61 6.42 4.16 0.45 
      
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8 
 
55.49 100.58 
  
0.8 > y <= 1.0 19.72 17.59 47.81 43.65 21.27 
      
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  14.30 22.55   
0.8 > y <= 1.0 11.63 4.89 6.77 7.09 1.29 
      
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.6 > y <= 0.8  25.07 47.95   
0.8 > y <= 1.0 12.05 8.38 12.68 12.41 2.07 
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Table C.17: Mass distribution of chalcopyrite to different perimeter texture-
composition classes in the copper porphyry ore samples for the +20 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 0.14 1.44 2.40 10.15 85.87 
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 0.03 0.56 2.13 12.62 84.65 
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 2.65 10.34 9.85 16.40 60.75 
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 0.34 4.28 6.24 20.93 68.20 
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 2.07 5.24 3.35 28.59 60.74 
 
 
Table C.18: Coefficients of variation for mass distribution chalcopyrite to 
different perimeter texture-composition classes in the copper porphyry ore 
samples for the +20 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 27.49 17.90 21.37 16.31 2.04 
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 25.69 8.42 6.20 3.96 0.61 
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 47.54 21.71 41.27 29.82 9.64 
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 20.03 7.29 8.13 6.28 2.05 
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 25.80 24.38 47.10 31.47 14.62 
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Table C.19: Mass distribution of chalcopyrite to different perimeter texture-
composition classes in the copper porphyry ore samples for the -20 m size 
class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 0.77 3.09 3.10 11.24 81.80 
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 0.01 0.55 1.29 5.68 92.47 
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 1.29 5.93 11.76 14.83 66.19 
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 0.16 3.14 3.83 8.23 84.63 
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 2.39 8.48 5.98 15.68 67.47 
 
 
Table C.20: Coefficients of variation for mass distribution chalcopyrite to 
different perimeter texture-composition classes in the copper porphyry ore 
samples for the -20 m size class. 
Feed x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 50.87 17.24 34.67 24.28 3.58 
      
Rougher Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 22.31 7.03 7.22 5.80 0.37 
      
Rougher Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 53.62 27.87 39.85 41.72 11.08 
      
Scavenger Con x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 29.54 6.15 6.89 7.37 0.80 
      
Final Tail x = 0 0 < x <= 20 20 < x <= 40 40 < x <= 80 80 < x <= 100 
0.8 > y <= 1.0 57.41 34.90 34.35 36.88 10.02 
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Appendix D 
 
 
The purpose of the supplementary information in this section is to provide the reader 
with the Microsoft VBA macro that was implemented in this thesis to transform a set 
of normally distributed random numbers to a Gaussian distribution with a mean of 
zero and a standard deviation of one, as was required to undertake Monte Carlo 
Simulations of the Case Study mass data sets in Chapter 6. 
 
 
 
Public Sub GenerateRandomDeviations() 
 
Application.ScreenUpdating = False 
 
Dim OutputCells, SDValues, InitialValue As Object 
 
Set OutputCells = ActiveSheet.Range("G4:ALR448") 
Set SDValues = ActiveSheet.Range("F4:F448") 
Set InitialValue = ActiveSheet.Range("E4:E448") 
 
Dim i, j, xSet As Integer 
 
Dim fact, g_set, gas_dev, rsq, v_1, v_2 As Double 
 
xSet = 0 
 
'Commence the loop to perform a 1000 different estimates of the experimental data set 
 
For i = 1 To 1000 
 
    'Commence loop to calculate for each experimental data point input into the mass balance 
    Application.StatusBar = i 
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    For j = 1 To 445  
     
        'calculate a deviation (gas_dev) normally distributed about zero with a variance of 1 
         
        If xSet = 0 Then 
         
            v_1 = 2 * Rnd - 1 
            v_2 = 2 * Rnd - 1 
             
            rsq = (v_1) ^ 2 + (v_2) ^ 2 
             
            If rsq >= 1 Or rsq = 0 Then 
             
                j = j - 1 
                GoTo 10 
             
            End If 
             
            fact = (-2 * Log(rsq) / rsq) ^ 0.5 
            g_set = v_1 * fact 
            gas_dev = v_2 * fact 
             
            xSet = 1 
         
        Else 
         
            gas_dev = g_set 
            xSet = 0 
             
        End If 
         
        If (InitialValue(j) + SDValues(j) * gas_dev) < 0 Then 
         
            OutputCells(j, i) = InitialValue(j) 
             
        Else 
         
            OutputCells(j, i) = InitialValue(j) + SDValues(j) * gas_dev 
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        End If 
         
10 
 
    Next j 
     
Next i 
 
Application.ScreenUpdating = True 
 
End Sub 
353 
 
Appendix E 
 
 
To construct the Case Study mass balances to incorporate unsized, sized and 
perimeter texture-composition data for a mineral of interest Microsoft Excel was 
implemented. 
This appendix provides the details for the split factors and matrix multiplication 
method implemented by demonstrating its application on a simple unsized data set. 
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To demonstrate the application of the split factors and matrix multiplication method the 
unsized data from the copper porphyry ore survey is applied.  The experimental data is 
presented in the table below.  For this demonstration only two components are considered 
namely copper (Cu) and remainder (RMD). 
 
Table E.1: Experimental data set used to demonstrate matrix multiplication 
method for mass balancing. 
Stream 
Experimental measurements 
Dry solids 
flow (tph) 
% Solids % Cu % Cu SD % RMD 
% RMD 
SD 
Circuit feed 683.6 26.4 0.76 0.06 99.24 1.0 
Rougher 
concentrate 
17.5 40.7 26.0 1.0 74.0 1.0 
*Rougher tail 666.1 27.4 0.10 0.011 99.90 1.0 
Scavenger 
concentrate 
3.7 15.6 7.74 0.87 92.26 1.0 
*Scavenger tail 662.4 27.0 0.05 0.008 99.95 1.0 
 
*rougher and scavenger tail flows estimated as unit feed flow – unit concentrate flow 
 
The first task is to set up a matrix with estimates of component split factors (g) across the 
rougher and scavenger sections.  This is presented in the next table.  Note that no split 
factors are provided for the RMD component as its flows can be determined as the total 
solids flows minus the Cu flows in each stream.  This is a constraint that ensures the laws 
of mass conservation are obeyed. 
Next a connection matrix for the circuit is constructed.  This is first done in a general case 
and then adapted for each of the components (solids, water and Cu). 
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Table E.2: Initial estimates of component split factors for each flotation 
section. 
 Solids Water Cu RMD 
Rougher 0.05 0.02 1.0  
Scavenger 0.01 0.01 1.0  
  
The table below shows the connection matrix and the terms gr,i and gs,i refer to the split 
factors for component i across the rougher and scavengers respectively. 
 
Table E.3: General form of the connection matrix for illustration case. 
 Rougher Scavenger 
Rougher -(1+gr,i) 0 
Scavenger 1 -(1+gs,i) 
Delta () 1.0 0.0 
  
In the rougher column a value of 1 is placed in the scavenger row since rougher tail flows 
to scavenger feed.  The value is 1 since this is the convention selected namely a fixed 
factor of 1 for tail flow splits from all units.  The term –(1+gr,i) represent the feed to the 
rougher unit which is the sum of the concentrate (gr,i) and tail (1).  The negative sign 
indicates the flow is in the opposite direction hence feed + concentrate + tail flow equals 
zero.  The rougher concentrate (‘gr,i’) does not have a specific destination since it leaves 
the circuit as a product. 
In the scavenger column a 0 is placed in the rougher row since no flow feeds back from 
the scavenger to the roughers.  If for example the scavenger concentrate was for some 
reason recycled back then this would have been gs,i instead.  The scavenger concentrate 
and tail streams do not have a specific destination since they leaves the circuit as 
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products.  The delta () to the rougher cells is 1 in this case since all the new feed is fed to 
the rougher section.  The tables below show the connection matrix for each component. 
 
Table E.4: Example connection matrix for solids, water and copper in 
illustration case. 
Solids Rougher Scavenger 
Rougher -1.050 0.000 
Scavenger 1.000 -1.010 
Delta 1.000 0.000 
 
Water Rougher Scavenger 
Rougher -1.020 0.000 
Scavenger 1.000 -1.010 
Delta 1.000 0.000 
 
Cu Rougher Scavenger 
Rougher -2.000 0.000 
Scavenger 1.000 -2.000 
Delta 1.000 0.000 
  
The sum of the inverse matrix D-1 multiplied by the delta vector () is determined by 
multiplying the inverse of the matrix formed by the grey cells with the delta vector, for each 
component.  In Microsoft Excel a 2x2 matrix of cells is selected and the F2 key is pressed 
and the following formula is entered: 
= MINVERSE(grey cells range) ∗ (orange cells range) (119) 
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Then press CRTL+SHIFT+ENTER to calculate to 2x2 matrix and lastly sum each row.  
The tables below show the results for each component. 
 
Table E.5: Calculated inverse matrix multiplications for components and sum 
of products. 
Solids Rougher Scavenger Sum 
Rougher -0.9524 0.0000 -0.9524 
Scavenger -0.9430 0.0000 -0.9430 
 
Water Rougher Scavenger Sum 
Rougher -0.9804 0.0000 -0.9804 
Scavenger -0.9707 0.0000 -0.9707 
 
Cu Rougher Scavenger Sum 
Rougher -0.5000 0.0000 -0.5000 
Scavenger -0.2500 0.0000 -0.2500 
  
In the above the scavenger columns all have zero values.  These are zero because all 
new feed material flow to the roughers only and there is no recycle from the scavengers 
back to the roughers.  The values in the Sum column represent the tail stream of every 
flotation cell or section as a fraction of the total feed to the circuit.  The tail flow vector (T) 
for every component is then determined by multiplying the flow of a component in the new 
feed (-F) with the summed rows for each unit.  For example, the flow of solids in the 
rougher tail stream is determined as -683.6 x -0.9524 = 651.07 tph and the flow in the 
scavenger tail is determined as -683.6 x -0.9430 = 644.62 tph.  Accordingly the rougher 
concentrate flow for the solids is then determined as 651.07 x 0.05 = 32.55 tph and that of 
the scavenger concentrate as 644.62 x 0.01 = 6.45 tph.  Based on the initial estimates of 
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the split factors in Table E.12 the tail (T) and concentrate (C) vectors for the solids flow 
can as such be expressed as: 
𝐓 =
651.1
644.6
 𝑡𝑝ℎ          and          C    =
32.6
6.5
 𝑡𝑝ℎ (120) 
For the water flow and Cu, respectively, the following vectors are as a result of the 
initial estimates of the split factors 
𝐓 =
1869
1851
 𝑡𝑝ℎ          and          C    =
37.4
18.5
 𝑡𝑝ℎ (121) 
𝐓 =
2.60
1.30
 𝑡𝑝ℎ          and          C    =
2.60
1.30
 𝑡𝑝ℎ (122) 
These vectors for the RMD component is ten calculated as the difference between the 
solids flow and Cu flow: 
𝐓 =
648.5
643.3
 𝑡𝑝ℎ          and          C    =
30.0
5.10
 𝑡𝑝ℎ (123) 
A table can now be constructed that looks identical to Table E.11 and the balanced values 
from the vector matrices can then be placed in the table.  This represents the balanced 
values for each data point and by applying the appropriate standard deviations the 
squared error in each measurement is determined as: 
SE = (
(𝑋𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑,𝑖 − 𝑋𝑏𝑎𝑙𝑎𝑛𝑐𝑒𝑑,𝑖)
𝑆𝐷𝑖
)
2
 (124) 
Note that % solids are measured during the surveys and as such this parameter should be 
used in the error calculation and not the water flows.  The same is true for the Cu assays 
and RMD assays. 
The % solids for each stream can be determined from the solids and water flows as: 
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%solids =
𝑠𝑜𝑙𝑖𝑑𝑠 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ)
𝑠𝑜𝑙𝑖𝑑𝑠 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ) + 𝑤𝑎𝑡𝑒𝑟 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ)
∙ 100 (125) 
And the same can be done to determine % Cu and % RMD: 
%Cu =
𝐶𝑢 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ)
𝑠𝑜𝑙𝑖𝑑𝑠 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ)
∙ 100 (126) 
And 
%RMD =
𝑅𝑀𝐷 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ)
𝑠𝑜𝑙𝑖𝑑𝑠 𝑓𝑙𝑜𝑤 (𝑡𝑝ℎ)
∙ 100   𝑜𝑟   %𝑅𝑀𝐷 = 100 −%𝐶𝑢 (127) 
The resulting experimental versus balanced table with the initially estimated split factors 
will look like: 
 
Table E.6: Initial estimates of mass balanced values based on estimated split 
factors. 
Stream 
Solids flow % Solids % Cu % RMD 
Exp Bal Exp Bal Exp Bal Exp Bal 
Circuit feed 683.6 683.6 26.4 26.4 0.76 0.76 99.24 99.24 
Rougher 
concentrate 
17.5 32.6 40.7 46.5 26.0 7.98 74.0 92.02 
Rougher tail 666.1 651.1 27.4 25.8 0.10 0.40 99.9 99.60 
Scavenger 
concentrate 
3.7 6.5 15.6 25.8 7.74 20.15 92.26 79.85 
Scavenger 
tail 
662.4 644.6 27.0 25.8 0.05 0.20 99.95 99.90 
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The sum of squared error for the complete circuit at this stage is 2395 and this is the 
objective cell value to be minimised by adjusting the initial split factors.  Excel solver can 
do this with minimal effort and the resulting split factors that minimise the total sum of 
errors are: 
 
Table E.7: Final set of split factors. 
 Solids Water Cu 
Rougher 0.0262 0.0135 6.8288 
Scavenger 0.0065 0.0125 0.9980 
  
With the final balanced values: 
 
Table E.8: Final set of mass balances values. 
Stream 
Solids flow % Solids % Cu % RMD 
Exp Bal Exp Bal Exp Bal Exp Bal 
Circuit feed 683.6 683.6 26.4 26.4 0.76 0.76 99.2 99.2 
Rougher 
concentrate 
17.5 17.4 40.7 40.7 26.0 26.0 74.0 74.0 
Rougher tail 666.1 666.2 27.4 26.1 0.10 0.10 99.9 99.9 
Scavenger 
concentrate 
3.7 4.3 15.6 15.6 7.74 7.75 92.3 92.3 
Scavenger 
tail 
662.4 661.9 27.0 26.3 0.05 0.05 99.95 99.95 
  
